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Abstract

Background/Objectives: Dental caries is one of the most common oral diseases world-
wide, and early diagnosis is essential for effective treatment. However, detecting carious
lesions in panoramic radiographs is challenging because of low image contrast, anatomi-
cal complexity, and overlapping structures. This study aimed to develop an improved
object detection framework for dental caries localization in panoramic radiographs. Meth-
ods: A modified YOLOVS architecture was developed by integrating ConvINeXtV2 blocks
into the Cross-Stage Partial (C2f) modules to enhance feature extraction and gradient
propagation. To improve detection performance and reduce overfitting, key training hy-
perparameters were optimized using a genetic algorithm. The proposed model was eval-
uated on a dataset of 474 panoramic dental radiographs annotated by experts using
bounding boxes. Results: The optimized model achieved a box precision of 78.4%, a recall
of 53.6%, and a mean average precision at 50% intersection-over-union threshold (AP50)
of 62.6%. Compared with the baseline YOLOv8 model, the proposed approach improved
precision and AP50. Visual and quantitative analyses demonstrated that the Con-
vNeXtV2-enhanced architecture enabled more accurate localization of carious regions.
Conclusions: The results indicate that combining ConvNeXtV2-based architectural en-
hancement with genetic algorithm-based hyperparameter optimization is an effective
strategy for dental caries localization in panoramic radiographs. Although recall remains
a limitation, the proposed framework shows potential as a computer-aided diagnostic tool
for supporting clinical caries assessment.

Keywords: dental caries detection; panoramic radiography; YOLOvS; ConvNeXtV2;
genetic algorithm optimization; deep learning; object detection
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1. Introduction

Dental caries is a multifactorial disease characterized by damage to the hard tissues of
the teeth (particularly enamel and dentin) resulting from a microbiologically driven process.
The primary etiological factors include bacterial plaque adhering to the tooth surface, diet-
derived fermentable carbohydrates (especially sugars), inadequate oral hygiene, and indi-
vidual differences in host defense mechanisms [1]. These factors are evaluated within the
framework of an interaction comprising the “four essential elements for caries”: the tooth
surface (host), microorganisms, a suitable nutritional substrate (sugar, etc.), and time [2].

Tooth caries is one of the most common oral and dental health problems worldwide
and can lead to serious consequences that reduce an individual’s quality of life [3]. Early
diagnosis of caries is critical both for increasing the success rate of treatment and for pre-
serving tooth structure [4-8]. While traditional methods for diagnosing caries include clin-
ical examination, radiographic analysis, and visual inspection, the success of these meth-
ods often depends on the dentist’s experience, patient cooperation, and the quality of
available equipment [5,8-11]. Additionally, the subjectivity involved in image interpreta-
tion and various diagnostic challenges lead to certain limitations regarding standardiza-
tion and reliability in caries detection.

In recent years, rapid advancements in artificial intelligence (AI) and machine learn-
ing technologies have paved the way for innovative applications designed to support di-
agnostic processes in the field of dentistry [7,10,12]. In particular, deep learning ap-
proaches have proven highly successful in identifying meaningful patterns within large
datasets, enabling the automatic detection of pathological conditions such as cavities, per-
iodontal disease, or bone loss in radiographic images [7,10]. Al-assisted caries detection
aims to enhance diagnostic accuracy and accelerate treatment planning for dentists by
offering both time and cost efficiency [4,6,7]. Furthermore, this technological innovation,
which seeks to improve patient safety and satisfaction, holds the potential to become an
integral part of routine dental practice in the future [4,11]. In this context, various studies
have been conducted in the literature on the segmentation and classification of caries
[4,5,10]. Lasri and colleagues combined pre-trained CNN models (VGG-16, VGG-19,
DenseNet-121, and Inception V3) with preprocessing techniques such as histogram equal-
ization and Sobel edge detection on a dataset of 884 samples to detect dental caries using
deep learning methods based on intraoral images; as a result of an optimization strategy
incorporating Stochastic Gradient Descent (SGD) and Nesterov momentum, they
achieved the highest accuracy of 98.3% using the VGG-16 model [9]. Thanh and colleagues
conducted a comparative analysis of the Faster R-CNN, YOLOv3, RetinaNet, and SSD
models using a dataset consisting of 1902 smartphone (iPhone 7) photos collected from
695 individuals; in this context, it was reported that while the YOLOv3 and Faster R-CNN
models demonstrated sensitivities of 87.4% and 71.4%, respectively, in detecting cavitated
caries, their sensitivity values dropped to 36.9% and 26% for visually non-cavitated le-
sions. Additionally, it was noted that the specificity values of these models for both lesion
types ranged from at least 71% to 86% [12]. Casalegno and colleagues used a limited da-
taset consisting of only 185 near-infrared transillumination (TI) images for the early de-
tection of dental caries. To this end, a Convolutional Neural Network (CNN)-based se-
mantic segmentation model was developed by implementing measures to address the is-
sues of data scarcity and class imbalance using various strategies. Achieving an average
IoU of 72.7% in the five-class segmentation task, the model yielded IoU values of 49.5%
and 49.0% for proximal and occlusal caries, respectively; in the simplified binary classifi-
cation task, it achieved AUC values of 83.6% and 85.6% for occlusal and proximal lesions,
respectively [4]. Lian and colleagues used an approach based on nnU-Net and Dense-
Net121 to detect carious lesions and classify them into different depth stages across 1160
panoramic dental X-rays. On this dataset, nnU-Net reported IoU and Dice values of 0.785
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and 0.663, respectively, for caries segmentation, and demonstrated performance compa-
rable to that of expert dentists in terms of accuracy and sensitivity, with values of 0.986
and 0.821. Additionally, DenseNet121 achieved accuracy rates of 0.957, 0.832, and 0.863,
respectively, when classifying caries lesions according to their depths (D1: outer 1/3 of
dentin; D2: middle 1/3 of dentin; D3: inner 1/3 of dentin), with sensitivity values for these
stages recorded as 0.765, 0.652, and 0.918, respectively [5]. Khan and colleagues conducted
a comparative analysis of various deep learning methods (CNN, LeNet, AlexNet, VGG16)
using data obtained from the Khyber College of Dentistry and Hospital. In this study, the
VGG16 model, which demonstrated the highest performance metrics, outperformed the
other methods by achieving an accuracy of 98.99%, an F1 score of 0.96, a precision of 0.95,
and a sensitivity of 0.97 [6]. Zhang and colleagues developed a Convolutional Neural Net-
work (ConvNet) model based on the Single Shot MultiBox Detector (SSD) and trained it
using a “hard negative mining” algorithm, using 3932 intraoral photographs obtained
from 625 volunteers. The model achieved an AUC value of 85.65% in classifying the pres-
ence of caries, while sensitivity was reported at 81.90% per image and 64.60% per box
(localization) at high sensitivity settings. It was emphasized that the “hard negative min-
ing” approach, which has been shown to be effective in reducing false positives, statisti-
cally significantly improved both classification and localization performance (p < 0.001)
[7]. Lee and colleagues developed a U-Net-based CNN model using 304 bitewing radio-
graphs for the early detection of caries in posterior teeth; in tests conducted on 50 radio-
graphs, the model achieved a precision of 63.29%, a recall of 65.02%, and an F1 score of
64.14% [8]. Imak and colleagues proposed a multi-input layered deep convolutional neu-
ral network ensemble (MI-DCNNE) model based on 340 periapical radiographs (includ-
ing both carious and non-carious samples), using both raw periapical images and their
enhanced versions as inputs. This approach, which applies the “score fusion” method in
the model’s Softmax layer, achieved a 99.13% accuracy rate in classifying dental caries
[10]. Oztekin and colleagues conducted a comparative analysis of pre-trained models such
as EfficientNet-B0, DenseNet-121, and ResNet-50 using panoramic images obtained from
562 patients; these models generated heatmaps highlighting suspicious areas on the teeth
in addition to classifying teeth as carried or non-carried. While the three models yielded
similar results, ResNet-50 demonstrated slightly higher performance compared to the oth-
ers, achieving 92% accuracy, 87.33% sensitivity, and an F1 score of 91.61 [11]. Haghanifar
and colleagues aimed to detect dental caries by combining various pre-trained deep learn-
ing models and a capsule network architecture using transfer learning, based on 240 la-
beled images selected from a dataset of 470 panoramic X-rays. This approach achieved an
accuracy rate of 86.05% on the test dataset, with sensitivity values of 69.44% for mild caries
lesions and 90.52% for severe caries [13]. Furthermore, recent advances in hybrid archi-
tectures, such as transformer-based bilateral encoder-decoder networks, have demon-
strated significant potential in addressing the challenges of tooth recognition and perio-
dontal bone loss assessment in panoramic radiographs. These studies highlight that com-
bining the global contextual modeling capabilities of transformers with the fine-grained
local feature extraction of CNNs leads to more robust diagnostic outcomes in complex
dental imaging scenarios [14].

These studies have achieved notable results, but direct comparison is difficult due to
differences in imaging modality, annotation strategy, output type, and evaluation metrics.
Classification-based methods can determine the presence of caries, but they generally do
not provide direct lesion coordinates. Segmentation approaches offer pixel-level localiza-
tion but require detailed, time-consuming annotations. Object detection methods strike a
practical balance by localizing suspicious regions with bounding boxes. However, detect-
ing caries in panoramic radiographs remains challenging due to low lesion visibility, over-
lapping anatomical structures, and variations in radiographic contrast.
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To address these limitations, this study proposes an original ConvNeXtV2-enhanced,
Genetic Algorithm-optimized YOLOvS framework. Our approach transcends simple
model stacking by embedding advanced ConvNeXtV2 blocks directly into selected C2f
modules of the YOLOv8 architecture, thereby fundamentally strengthening its fine-
grained feature extraction and representation capabilities. Furthermore, we implement a
custom Genetic Algorithm-based hyperparameter optimization strategy to stabilize this
complex hybrid architecture, ensuring a more reliable training configuration than that ob-
tained through standard empirical settings. This design aims to improve YOLOVS8’s local-
ization capability while maintaining the practical advantages of bounding box-based ob-
ject detection. The main contributions of this study are as follows:

e  First, a ConvNeXtV2-enhanced YOLOVS architecture was proposed to automate the
detection of dental caries in panoramic radiographs.

e ConvNeXtV2 blocks were integrated into selected C2f modules to enhance feature
representation in low-contrast and anatomically complex regions.

e  An optimization strategy based on genetic algorithms is applied to determine effec-
tive training hyperparameters, including the learning rate, momentum, weight de-
cay, and warmup-related parameters.

e A dataset consisting of 474 panoramic radiographs, collected from clinical settings, is
annotated by dental experts using bounding boxes and converted into YOLO format.

e We compared the proposed model with the baseline YOLOv8 model and the non-opti-
mized ConvNeXtV2-enhanced model using the Box Precision, Recall, and AP50 metrics.

e  We conduct quantitative, qualitative, confidence threshold, and limitation analyses
to evaluate the model’s detection behavior under challenging panoramic radio-
graphic conditions.

2. Materials and Methods

In this study, we present an enhanced YOLOvVS8 object detection model with Con-
vNeXtV2 blocks for automatically detecting and localizing dental caries in panoramic ra-
diographs. The low contrast, limited resolution, and superposition of anatomical struc-
tures in panoramic radiographs make it difficult to detect caries, especially small, early-
stage lesions. The proposed approach combines YOLOVS's fast, effective object detection
capabilities with ConvNeXtV2 blocks’ advanced feature extraction capabilities. The meth-
odological process consists of four main stages. These are:

e In the first stage, experts annotated 474 panoramic radiographic images obtained
from a clinical setting using the bounding box technique, and the annotations were
converted to YOLO format. This process ensured the model would focus on caries
regions during training and standardized the data format.

e In the second phase, YOLOvVS was used as the base object detection architecture.
Thanks to its single-stage structure, YOLOVS can directly identify carried regions in
panoramic images using bounding boxes.

¢ In the third stage, ConvNeXtV2 blocks were integrated into specific C2f modules of
the YOLOVS architecture to improve the model’s ability to extract features. This in-
tegration aimed to represent low-contrast and morphologically ambiguous carry pat-
terns with more distinctive features.

e In the fourth stage, genetic algorithm (GA)-based hyperparameter optimization was
applied to improve the training performance of the proposed architecture. The initial
learning rate, momentum, weight decay, and warmup parameters were evaluated
across a wide search space to determine the most suitable hyperparameter combina-
tion for the model. The goal was to stabilize the training process and improve the
precision—recall balance.
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Finally, we evaluated the performance of the proposed model in comparison with
the standard YOLOvV8 model and the unoptimized version of the proposed model. The
evaluation process used the box precision, recall, and AP50 metrics. These metrics enable
an analysis of the model’s tendency to generate false positives, its ability to detect defec-
tive regions, and its overall localization performance. Figure 1 presents the general work-
flow of the proposed architecture.
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Figure 1. General workflow of the proposed ConvNeXtV2-enhanced and GA-optimized YOLOVS

architecture.

As shown in Figure 1, the architectural flow consists of data preparation, a YOLOVS-
based object detection framework, architectural improvements using ConvNeXtV2
blocks, and GA-based hyperparameter optimization. This integrated framework provides
an approach to support decision-making aimed at detecting various areas in panoramic
radiographs in a more balanced and reliable manner. The algorithms and architectural
components used are described in detail in the following subsections.

2.1. YOLOwv8 Architecture

In CVPR 2016, Joseph Redmon et al. propose a real-time end-to-end approach for the
first time with the YOLO (You Only Look Once) model [15]. YOLO, compared to other mod-
els in object detection, has the ability to detect all objects with a one-time analysis of the
image. When other object detection methods are examined, models generally perform the
detection process by working on each image many times, thanks to sliding window algo-
rithms together with the classifier. RCNN systems were developed, and the transition to
two-stage methods was provided with the use of region proposal networks in subsequent
stages. The Fast R-CNN [16] model performs the classification for the proposals of object
regions on the image in two stages, with the bounding box and classification process in the
second stage. Unlike these models, YOLO uses a simpler output with a single network pass
to determine both the class label of the object and the bounding box location [17].
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The YOLOv8 model, developed by the Ultralytics team for the object detection task,
was proposed in 2023 [18]. With the success of the team’s YOLOv5 model, more advanced
architectural features, which stand out in YOLOVS, have been developed by integrating
feature extraction and fusion processes. Among its basic features, YOLOv8 uses a more
advanced version of the CSPDarknet backbone [19]. Cross Stage Partial (CSP) networks
include dense blocks, a transition layer, and fusion features, a structure that improves
gradient flow and reduces computational complexity. YOLOvS also uses the SiLU (Swish)
activation function, which has advantages such as faster convergence and improving gra-
dient flow, instead of the traditional ReLU and Leaky ReLU that are generally used as
activation functions. In addition, the network architecture includes the C2f (Cross Stage
Partial with two fusion) building block [20]. Thanks to the C2 block, it allows the separa-
tion of complex patterns and the extraction of fine-grained features. The x feature map
coming from the previous layer can be expressed mathematically as given in Equation (1)
in the C2f module as follows [21].

CV1gyepue = Conv(cl, 2 X ¢, 1,1)(x), (1)

Here, Conv(cl, c2, k, s), Conv is a convolution operation, cl is the number of input
channels, c2 is the number of output channels, k =1 (1 x 1) is the kernel size and s =1 is
the stride size. The next step is given in Equation (2). In Conv(cl, c2, k, s), Conv is a convo-
lution operation, c1 is the number of input channels, c2 is the number of output channels,
k=1 (1 x 1) is the kernel size and s =1 is the stride size. The next step in Equation (2):

y = Chunk(c‘/loutput, 2, 1), (2)

Here, in Chunk(x, n, d), Chunk allows the tensor to be divided into pieces in the spec-
ified dimension. It expresses the division into n pieces along the D dimension. At the end
of this process, the tensor is divided into two tensors, y1 and y2. In Equation (3), the next
step for each m in ModuleList:

y = Extend(y, m(y[1])), 3)

Here, m represents any layer operation, and Extend allows adding the output of m(.)
operations to tensor y. Finally, in Equation (4):

CV2ouepur = Conv((2 + n) X ¢,c2,1)(Concate(y, 1)), (4)

Here, Concate allows the merging of parts of the tensor. Also, the computational cost
is reduced by the pointwise convolution and decomposition operations in the Pointwise
C2f module. YOLOVS is a remarkable module that enhances the feature representation by
integrating the innovative C2f module and the spatial pyramid pooling fractional (SPPF)
approach [22].

YOLOVS8 aims to improve object detection performance by increasing the accuracy of
finding and sizing bounding boxes using Complete Intersection over Union (C:oU) and
Distribution Focal Loss (DFL). The CloU loss function is mathematically expressed as
given in Equation (5) as follows:

Lejoy =1 —10U +%’2bgt)+ av,
v
T1oloU+v (%)
4 wdt w,
v=—3 (arctanﬁ — arctan E) ,

Here, IoU represents intersection over union. p?(b, b9") represents the distance be-
tween two points, estimated and real center points, respectively. ¢ represents the mini-
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mum limiting diagonal distance of the box, v represents the width and height ratio con-
sistency, while w and h inside represent the predicted width and height, respectively. Fi-
nally, a represents the weight coefficient obtained at a certain rate [23].

2.2. ConvNeXtV2 Block

ConvNeXtV2 Blocks constitute one of the fundamental steps in the main line for ob-
taining features. The ConvNeXt series is a model designed to address the efficiency of con-
volution operations by including advanced structures inspired by transformer models.
Firstly, it plays an important role in capturing large spatial features with extended kernel
structures in the ConvNeXtV2 block. Secondly, a normalization layer is used to stabilize the
training processes [24]. Additionally, instead of the traditionally used ReLU layer to im-
prove gradient flow, it includes the GELU activation function to produce values close to
zero for negative data. As shown in Figure 1, the tensor obtained by using the Conv2d con-
volution layer used for the input X € R¥*W*C¢ can be expressed as in Equation (6):

V= f (Siem, XL - kel + b)), (6)

As can be seen here, the result is obtained by adding the bias b to the feature map
after the pointwise multiplication of the input tensor X; with the kernel k; in a specific
dimension. Finally, the output tensor Y € RHoutxWoutxcout js produced by applying the
activation function f(.) [25]. The obtained feature map is passed through the Layer nor-
malization layer used to stabilize the training process in the second step and the linear
and gelu activation functions to strengthen the feature expression. In the next stage, it is
subjected to the global response normalization (GRN) process, which is one of the new
basic features within the ConvNeXtV2 blocks. Thanks to the introduced GRN layer, it
captures the dependencies between channels well in high-dimensional feature maps. In
Equation (7), the layer normalization, activation and GRN processes are expressed as fol-
lows [24]:

7=

o

Yfunction = f(?)’ (7)

qunction

Yery = Y-l + B,

|qunction ”2

Here, Y is the feature map obtained from convolution layer. pu and o represent the
mean and standart deviation of the input tensor Y, and Y represents the normalized out-
put. f(.) represents the activation function. y is the scalimg parameter, 3 is the shift pa-
rameter, ||, ||, is the L2 norm, and Ygry represents the normalized feature map. As can
be seen in Figure 1, the residual block layer is used last. The residual block is expressed as
in Equation (8).

Xout = Yory + X, ®)
Here, Xout represents the final output. With these skip connections, the model also

provides a solution to the vanishing gradient problem. ConvNeXtV2 blocks are integrated
into the proposed model with many advantages.

2.3. Optimization

The Genetic Algorithm (GA) is used to systematically optimize the critical training
hyperparameters of the proposed ConvNeXtV2-enhanced YOLOv8 model, aiming to
maximize validation AP50 and prevent overfitting.
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Inspired by biological evolution, the genetic algorithm is fundamentally an optimi-
zation algorithm that begins with a population of a certain size N [26,27]. The genetic al-
gorithm is an effective algorithm for solving complex and multi-dimensional problems.
In the problem-solving process, the fitness values of each individual in the population is
evaluated using the fitness function. This function can be tied to either a single objective
function or a multi-objective function [28]. The fitness function is generally defined as
shown in Equation (9):

FE =%, 9)

Here, the fitness value of individual x is FF,, the objective function value f, calcu-
lated for x and fis an average of the objective function values calculated for all individuals
in the population. As a second step, the next generation is created with the calculated
fitness values, evolving from the solutions in the current generation (currentGen). This
process enters a cycle until the specified number of generations (Genmax) or the specified
stopping criteria are met. In the new generation creation phase, the selection operators
integrated in the genetic algorithm ensure the selection of individuals with high fitness
values. In this way, it helps the algorithm to reach the best solution. Roulette wheel selec-
tion, which is one of the selection operators, is one of the fitness proportional selection
techniques. This method calculates the probability of selection for each individual and
selects those with high probability into the parent pool [27,29]. The selection probability
is calculated as in Equation (10).

fi

=1 fx

Here, f; is the fitness value of the ith individual, N is the population size and f, is

pi (10)

the sum of the fitness values of all individuals in the population. Basically, the genetic
algorithm is defined as in Algorithm 1 [28].

Algorithm 1 Typical genetic algorithm

//Genetic algorithm parameters
//Pop (0) « Generate initial
//Genmax « Maksimum generation
//currentGen « 1 initial value
while currentGen < Genmax do

Evaluate Pop(currentGen-1) #Pop(currentGen-1): the fitness value is calcu-
lated with the help of the fitness function.
Produce Pop(currentGen) depends #Pop(currentGen): implementation of selection

operators for parents selection
on Pop(currentGen-1)
currentGen « currentGen +1
end while

During the genetic algorithm (GA) optimization process, the key hyperparameters
affecting the training stability and detection performance of the proposed model were
identified and evaluated across a wide search space. Table 1 presents the hyperparameters
and search ranges used in the optimization.

Table 1. Hyperparameter Search Space Used in the Genetic Algorithm Optimization Process.

Hyperparameter Search Range
Ir0 (1 x10%)—(1 x 107)
momentum 0.60-0.98
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weight_decay 0.00-0.01
warmup_epochs 0.0-5.0
warmup_momentum 0.0-0.95

The hyperparameters listed in Table 1 directly impact the model’s convergence be-
havior, learning rate, level of regularization, and stability at the start of training. Thus, the
GA evaluated various combinations of the initial learning rate, momentum, weight decay,
and warmup parameters to determine the most suitable set of hyperparameters. The op-
timal values obtained and their effects on model performance are presented in detail in
the Section 3.

3. Results

The experiments were conducted in three main phases: evaluation of individual
models, evaluation of ensemble models, and evaluation of the optimized ensemble ap-
proach. The performance results based on these phases are detailed in the subheadings.

3.1. Dataset

Approval for this study was obtained from the Clinical Research Ethics Committee
of the Mersin University Rectorate (approval date: 30 October 2024; decision no.:
2024/1047). The dataset used in this study was compiled from panoramic dental radio-
graphs obtained from the Faculty of Dentistry at Mersin University. The dataset contains
474 images with a resolution of 540 x 380 pixels. The images were selected to represent
varying locations, sizes, and appearance characteristics of carious areas. Experts anno-
tated the caries areas in the dataset using the bounding box method and converted the
labels to YOLO format. Annotation and data preprocessing were performed using the Ro-
boflow platform to ensure the images were transformed into a standardized, consistent
format suitable for model training. During the labeling process, each carious lesion was
delineated to ensure that the model would focus on the relevant pathological areas during
training and evaluation. This approach allows for the localization of carious lesions with-
out requiring pixel-level segmentation. Given the overlap of anatomical structures, low
contrast, and limited visibility of small lesions in panoramic radiographs, bounding box-
based labeling is a practical and feasible data preparation strategy for this study. The da-
taset was used to evaluate the performance of the proposed YOLOvS8-based model in de-
tecting and localizing caries. Labeled example images are presented in Figure 2. The figure
shows the original panoramic radiographs alongside the ground truth bounding box an-
notations created by experts.

Sample-1 Sample-3

Original Image

Ground Truth

Figure 2. Sample Original Panoramic Radiographs from the Dataset and Corresponding Ground

Truth Images to Expert Labels.
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3.2. Performance Metrics

This study used the Box Precision (Box(P)), Recall (R), and AP50 metrics to evaluate
the performance of the proposed object detection model. Together, these metrics assess
the model’s ability to generate true positive predictions, its capacity to capture regions of
interest, and its overall localization performance.

e  Box precision indicates the proportion of positive predictions that are correct. It is
calculated as the ratio of true positive detections that meet a specific intersection over
union (loU) threshold to the total number of positive predictions:

TP

Box(P) = 75 Fp

(11)

Here, (TP) refers to true positive detections, while (FP) refers to false positive detec-
tions. In terms of tooth caries detection, a high Box(P) value indicates that the areas the
model flags as caries largely overlap with actual carried areas. This is important for re-
ducing the risk of unnecessary clinical examinations or false alarms.

e Recall is a metric that indicates the proportion of actual caries areas that the model
can detect. Mathematically, it is expressed as follows:

TP

R=1pr N

(12)

Here, FN indicates regions that experts labeled as carious but which the model did
not detect. A high recall value means the model is less likely to miss carious regions. In
clinical decision support systems, recall is a critical metric, especially for identifying small
or low-contrast lesions that could be overlooked otherwise.

e  AP50 is the average of the average precision (AP) values calculated for each class
when the intersection over union (IoU) threshold is set to 0.5. This metric provides a
single value that allows for the evaluation of the model’s performance in both classi-
fication and localization:

c
mAP, = %2 AP, (IoU = 0.5), (13)
c=1

Here, C represents the total number of classes, and AP, denotes the area under the
precision—recall curve for the relevant class. Since the goal of this study is to detect carried
regions, the AP50 value indicates the model’s overall detection performance at the speci-
fied intersection-over-union (loU) threshold.

Generally, Box(P) was used to control for false positive predictions, recall to measure
the rate of detection of actual carried regions, and AP50 to evaluate the model’s overall
detection and localization performance. Together, these three metrics provide a more bal-
anced analysis of the proposed model’s detection behavior in clinical images.

3.3. Quantitative Results and Comparative Peformance Analysis

In this study, the performance of three different models was comparatively evaluated
for the detection of dental caries in panoramic radiographs: (i) the baseline YOLOVS
model, (ii) the proposed model enhanced with ConvNeXtV2 blocks but without hyperpa-
rameter optimization, and (iii) the proposed model optimized using a Genetic Algorithm
(GA). To ensure a fair comparison, all models were analyzed using the same data split,
the same test set, and the same evaluation metrics. During the testing phase, 47 panoramic
images and a total of 153 caries regions present in these images were used. Performance
evaluation was based on Box Precision (Box(P)), Recall (R), F1-score, and AP50 metrics. In
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addition, 95% confidence intervals were calculated using 1000 bootstrap resampling iter-
ations to quantify the uncertainty of the reported performance values.

An examination of the results presented in Table 2 reveals that the baseline YOLOv8
model achieves relatively high precision with a Box(P) value of 0.777 (95% CI: 0.694—
0.864), but its recall value of 0.477 (95% CI: 0.404-0.572) limits its ability to detect a signif-
icant portion of actual caries lesions. This imbalance between precision and recall is also
reflected in the F1l-score, which remains at 0.591 (95% CI: 0.517-0.675) for the baseline
model, indicating that the trade-off between false positives and false negatives has not yet
been optimally balanced. This result indicates that the baseline YOLOv8 model can con-
trol false-positive predictions to a certain extent but fails to achieve sufficient sensitivity,
particularly in detecting low-contrast or small carious lesions. Overlapping anatomical
structures, low resolution, and the uncertainty of lesion borders in panoramic radiographs
can be considered among the primary causes of this limitation.

Table 2. Comparative performance results of the models.

Model Number of Number of Box(P) R F1-Score AP50
Images Lesions (95% CI) (95% CI) (95% CI) (95% CI)
0.777 0.477 0.591 0.539
YOL 47 1

OLOVE >3 (0.694-0.864)  (0.404-0572)  (0.517-0.675)  (0.436-0.622)

0.725 0.549 0.625 0.564
Proposed Model 47 153 (0.669-0.839)  (0.458-0.603)  (0.548-0.689)  (0.491-0.638)

Optimized Proposed 47 153 0.784 0.536 0.637 0.626
Model (0.724-0.908)  (0.426-0.607)  (0.541-0.714)  (0.498-0.687)

In the proposed model enhanced with ConvNeXtV2 blocks, the recall value increased
from 0.477 to 0.549 (95% CI: 0.458-0.603), and the F1-score improved accordingly from
0.591 to 0.625 (95% CI: 0.548-0.689). This increase demonstrates that the ConvNeXtV2
blocks contribute to the model’s ability to detect defective regions, and that this contribu-
tion is substantial enough to yield a better overall balance between precision and recall,
despite the individual decline in Box(P). However, the decrease in the Box(P) value from
0.777 t0 0.725 (95% CI: 0.669-0.839) suggests that while the model generates more positive
predictions, there has been an increase in the number of false positive predictions. It is
also worth noting that the confidence intervals of the baseline and proposed models over-
lap considerably for most metrics, suggesting that some of these differences should be
interpreted with caution given the limited sample size (47 images, 153 lesions). Therefore,
it is observed that while architectural improvements provide an advantage in terms of
recall and Fl-score, they create a need for additional optimization regarding the preci-
sion-recall balance.

To statistically compare case-level prediction correctness across the same independ-
ent test set, pairwise comparisons were performed using two-sided exact McNemar tests.
No statistically significant difference was observed between the baseline YOLOvS and the
proposed ConvNeXtV2-enhanced model, although the proposed model corrected more
baseline errors than vice versa (15 versus 8 discordant cases; exact p =0.210). Similarly, the
comparison between the baseline YOLOv8 and the optimized proposed model was not
statistically significant (12 versus 7 discordant cases; exact p = 0.359). No statistically sig-
nificant difference was found between the proposed and optimized proposed models ei-
ther (10 versus 12 discordant cases; exact p = 0.832). Thus, while the proposed models
achieved numerically higher F1-score and AP50 values, the paired case-level analysis did
not provide sufficient statistical evidence to conclude that their prediction correctness dif-
fered significantly on the current test set.
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To improve this balance, the training hyperparameters of the proposed model were
optimized using GA. As a result of the optimization, the initial learning rate (Ir0) was set
to 0.00705, momentum to 0.91218, and weight decay to 0.0005. Additionally,
warmup_epochs was set to 2.8182, warmup_momentum to 0.79129, and warmup_bias_Ir
to 0.1025. This combination of hyperparameters contributed to the model exhibiting more
stable convergence during the training process and reducing the tendency for false posi-
tive predictions.

The proposed model, optimized using GA, achieved the highest precision and over-
all detection performance with Box(P), F1-score, and AP50 values of 0.784 (95% CI: 0.724—
0.908), 0.637 (95% CI: 0.541-0.714), and 0.626 (95% CI: 0.498-0.687), respectively. The in-
crease in the AP50 value from 0.539 (95% CI: 0.436-0.622) in the baseline YOLOvS8 model
to 0.626 in the optimized model demonstrates that the proposed approach improves lo-
calization and overall object detection performance, while the rise in F1-score from 0.591
to 0.637 further confirms that the optimized model achieves the most favorable balance
between precision and recall among the three configurations. However, the optimized
model’s recall value is 0.536 (95% CI: 0.426-0.607), which is only slightly lower than that
of the unoptimized proposed model, and the overlapping confidence intervals between
these two recall values indicate that this difference is not substantial. This indicates that
GA optimization provides a more balanced detection performance by increasing preci-
sion, F1-score, and AP50 values rather than maximizing the recall value alone.

Compared to the standard YOLOv8 model, the optimized proposed model achieved
higher values for all Box(P), recall, F1-score, and AP50 metrics. Notably, the confidence in-
tervals for Box(P) and AP50 between the baseline and optimized models show minimal
overlap, supporting the reliability of the observed improvements in these two metrics. How-
ever, when compared to the unoptimized proposed model, while there is a slight decrease
in recall, significant improvements are observed in Box(P), F1-score, and AP50 values. This
result demonstrates that the combined use of ConvNeXtV2-based architectural improve-
ments and GA-based hyperparameter optimization has made the model’s overall detection
behavior more balanced, as reflected consistently across the F1-score metric.

Overall, the ConvNeXtV2 blocks enhanced the model’s ability to detect caries regions,
while the subsequent GA-based optimization further improved the balance between preci-
sion, recall, and localization performance. Among the three evaluated configurations, the
optimized proposed model achieved the highest F1-score, AP50, and Box(P) point estimates,
demonstrating the most balanced overall detection performance. The pairwise McNemar
analysis showed that the proposed models produced favorable error-correction patterns rel-
ative to the baseline model, although the differences did not reach statistical significance on
the current independent test set. Considering the limited number of test images, these find-
ings should be interpreted together with the consistent improvements observed across the
complementary performance metrics and bootstrap estimates. Overall, the results support
the practical potential of the proposed framework and justify its further validation using
larger, independent, and more diverse multi-center datasets.

3.4. Ablation Study on ConuvNeXtV2 Block Placement

To justify which C2f modules received ConvNeXtV2 blocks, an ablation study was
conducted by progressively integrating ConvNeXtV2 blocks into the C2f modules corre-
sponding to different feature pyramid stages of the detection head (P3, P4, P5). Each var-
iant was trained and evaluated under identical conditions (same data split, same test set)
to isolate the effect of block placement on detection performance and model complexity.
Table 3 summarizes the results.
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Table 3. Ablation results for ConvNeXtV2 block placement.
Variant Precision Recall AP50 Parameters Inference (ms/Image) FPS
Baseline 0.777 0.477 0.539 43.6 M 6.40 156.2
ConvNeXtV2 at P3 only 0.000 0.000 0.000 84.6 M 13.11 76.3
ConvNeXtV2 at P3 + P4 0.742 0.516 0.575 97.6 M 14.67 68.1
ConvNeXtV2 at P3 + P4 + P5 0.799 0.536 0.593 1226 M 15.36 65.1

Placing ConvNeXtV2 blocks only at the highest-resolution stage (P3) led to a com-
plete failure of convergence (precision, recall, and AP50 all reduced to zero), most likely
because the large receptive field and channel reweighting introduced by the ConvNeXtV2
block at this early, high-resolution stage disrupted the gradient flow before the network
could learn stable low-level features. This configuration also nearly doubled the parame-
ter count relative to the baseline (84.6M vs. 43.6M) and increased inference time from 6.40
to 13.11 ms/image (156.2 to 76.3 FPS), so the added computational cost did not translate
into any detection benefit. Extending the integration to P3 + P4 restored stable training
and improved AP50 over the baseline (0.575 vs. 0.539), at a further modest increase in
latency (14.67 ms/image, 68.1 FPS), confirming that combining ConvINeXtV2 blocks across
multiple scales is necessary for stable optimization. Adding the P5 stage (P3 + P4 + P5)
further improved precision, recall, and AP50 (0.799/0.536/0.593), indicating that enriching
semantic, low-resolution features benefits localization of low-contrast caries regions the
most, at the cost of roughly 2.8x the baseline parameter count (122.6 M) and an inference
time of 15.36 ms/image (65.1 FPS). Notably, this final latency increase over the P3-only
variant was only 2.25 ms (13.11 to 15.36 ms) despite resolving the convergence failure
entirely and raising AP50 from 0.000 to 0.593, indicating that the additional runtime cost
of full multi-scale integration is modest relative to the accuracy and stability gained. Based
on this trade-off between accuracy gain and computational cost, the P3 + P4 + P5 configu-
ration was selected as the backbone for the proposed architecture. This configuration was
subsequently combined with GA-based hyperparameter optimization to obtain the final
model, whose performance is reported in Table 2.

3.5. Visual Results

To qualitatively evaluate model performance, detection results obtained from pano-
ramic radiography samples representing different levels of clinical difficulty were ana-
lyzed comparatively. In this context, each model’s ability to identify carious areas, locali-
zation accuracy, and prediction reliability were evaluated using five different case exam-
ples. The comparison was conducted using ground truth annotations created by expert
dentists, the standard YOLOvV8 model, the proposed model enhanced with ConvNeXtV2
blocks, and the proposed model optimized using a Genetic Algorithm. The visual results
are presented in Figure 3.
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Figure 3. Comparative detection results for five representative panoramic radiographs. From left to
right, the columns show expert ground-truth annotations (green bounding boxes), YOLOvS8 predic-
tions, predictions of the ConvNeXtV2-enhanced proposed model, and predictions of the GA-opti-

mized model (blue bounding boxes with confidence scores).

The ground truth annotations shown in Figure 3 indicate the reference locations of
the carious regions identified by experts. Upon examining the results from the standard
YOLOvV8 model, it is observed that while the model can detect distinct carious areas, its
performance is limited in regions containing low-contrast, small-scale, or anatomically
overlapping structures. In some cases, the failure to detect lesions or the variability in
confidence scores indicates that the standard YOLOvV8 model may struggle to distinguish
fine pathological details in panoramic radiographs.

The proposed model, enhanced with ConvNeXtV2 blocks, tends to detect more lesion
areas in visual results compared to the standard YOLOVS. This suggests that ConvNeXtV2
blocks contribute to the extraction of more discriminative features in low-contrast and
morphologically ambiguous regions. However, consistent with the quantitative results,
an increase in false positive predictions is observed in the proposed model in certain cases.
This finding supports the notion that while the architectural improvement increases the
recall value, it creates a need for additional balancing in terms of precision.

The visual outputs of the proposed model optimized using GA generally exhibit
more balanced detection behavior. Following optimization, it is observed that the model
reduces some false positive predictions and that the detected carried regions align more
consistently with the ground truth annotations. Particularly in cases involving complex
anatomical structures, the optimized model’s ability to produce more selective predictions
demonstrates that GA-based hyperparameter optimization contributes to the model’s pre-
diction stability. However, it should be noted that some small or low-contrast lesions may
still be missed.
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When the comparison between models is evaluated as a whole, it is observed that
switching from the standard YOLOv8 model to the proposed ConvNeXtV2-based model
enhances the ability to detect rotten regions, while GA optimization balances this im-
provement with higher precision and AP50 values. These visual findings, consistent with
the quantitative results, demonstrate that the optimized proposed model offers a more
stable and balanced detection performance compared to the baseline YOLOVS.

In conclusion, qualitative analyses demonstrate that the proposed approach has the
potential to serve as a supportive Al method for caries localization in panoramic radio-
graphs. However, the visual results also indicate that the model still has room for im-
provement, particularly in small, low-contrast, or anatomically complex regions. There-
fore, the proposed model should be considered, in its current form, not as an independent
diagnostic system but as an auxiliary decision-support tool to assist dentists in their eval-
uation process.

4. Discussion
4.1. Comparison of Previous Studies with Proposed Model

In this study, we propose a YOLOv8-based object detection model enhanced with
ConvINeXtV2 blocks and optimized using a Genetic Algorithm (GA) for the detection of
dental caries in panoramic radiographic images. Experimental results show that the GA-
optimized model achieved a Box Precision of 78.4%, a Recall of 53.6%, and an AP50 of
62.6%. These results demonstrate an improvement, particularly in terms of Box Precision
and AP50, when compared to the standard YOLOv8 model. However, the fact that the
recall value remains at a moderate level indicates that the model may still miss some car-
ried areas and is open to further improvement in this regard.

In the literature, deep learning-based studies on dental caries detection can generally
be categorized into three main groups: image- or dental impression-based classification
approaches, pixel-level segmentation methods, and bounding box-based object detection
models. Since these approaches utilize different data types, labeling schemes, and evalu-
ation metrics, direct numerical comparison of results is limited. Therefore, in this section,
previous studies are discussed with consideration of task type and clinical output format.

e Inclassification-based studies, the model typically aims to detect the presence of cav-
ities in an image or a cropped region of a tooth. For example, Imak and colleagues
reported an accuracy of 99.13% using a multi-input-layer CNN architecture on peri-
apical images [10]. Khan and colleagues achieved 98.99% accuracy using the VGG16
model [6]. Oztekin and colleagues, on the other hand, reported 92% accuracy using
the ResNet-50 model on dental patches derived from panoramic images and visual-
ized the model’s decisions using Grad-CAM heatmaps [11]. Haghanifar and col-
leagues also achieved an accuracy of 86.05% using a classification approach based on
dental segmenting and capsule networks [13]. While these studies offer high classifi-
cation accuracy, they generally do not directly provide the exact location of the cavity
at the bounding box level. Therefore, the use of classification models in clinical deci-
sion support may require additional explainability or localization methods regarding
lesion localization.

e Segmentation-based approaches provide more detailed localization information by
enabling the identification of pathological areas at the pixel level. Casalegno and col-
leagues achieved a 72.7% IoU using CNN-based semantic segmentation on near-in-
frared transillumination images [4]. Lian and colleagues, on the other hand, reported
an IoU score of 0.785 for caries detection using an nnU-Net-based approach on pan-
oramic images [5]. Although segmentation methods can provide detailed boundary
information, they require high-quality pixel-level labels. The unclear boundaries of
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cavities in panoramic radiographs, overlapping anatomical structures, and inter-ex-
pert interpretation differences can complicate the process of creating pixel-level ref-
erence labels. From this perspective, bounding box-based object detection can be con-
sidered a practical alternative that offers clinically usable localization information
with a lower labeling burden compared to segmentation.

e In object detection-based studies, the goal is to locate carried areas on the image.
Zhang and colleagues used an SSD-based model to analyze intraoral photographs
[7]. Thanh and colleagues, on the other hand, reported a sensitivity of 87.4% for car-
ious lesions using YOLOV3 on intraoral images captured with smartphones [12].
However, intraoral photographs provide a different imaging context than panoramic
radiographs because they contain visual cues such as color, texture, and surface ir-
regularities. Panoramic radiographs, on the other hand, are grayscale images with
low contrast and a high degree of anatomical superimposition. For this reason, de-
tecting caries in panoramic radiographs can be considered a more challenging task,
particularly when it comes to small and poorly defined lesions.

The recall value of 0.477 for the standard YOLOvV8 model used in this study demon-
strates that these challenges in panoramic radiographs directly affect model performance.
The increase in the recall value to 0.549 following the integration of ConvNeXtV2 blocks
indicates that this architectural improvement contributes to the model’s ability to detect
carious areas. However, the decrease in the Box Precision value at this stage revealed that
while the model generated more positive predictions, the tendency for false positives also
increased. The subsequent rise in the Box Precision value to 0.784 and the AP50 value to
0.626 following GA-based hyperparameter optimization indicates that the optimization
process improved the model’s overall detection balance.

Overall, the main contribution of the proposed approach is that it combines
YOLOVS8's object detection capabilities with ConvNeXtV2-based feature extraction and
GA-based hyperparameter optimization for caries localization in panoramic radiographs.
The results obtained demonstrate that the proposed model offers more balanced perfor-
mance compared to standard YOLOvS8. However, since the recall value still has room for
improvement, it is more appropriate to consider the model not as an independent diag-
nostic system for clinical applications, but as an auxiliary decision-support component
that can assist dentists in their evaluation process.

4.2. Performance Effects of Confidence Threshold

In object detection models, the confidence threshold is a key parameter that deter-
mines whether predicted bounding boxes are accepted or rejected. When this value is set
low, the model generates more predictions; however, there is a risk of an increase in false
positives. Conversely, at high threshold values, only more reliable predictions are re-
tained; however, some genuine outliers may be missed. Therefore, the behavior of the
proposed model under different confidence threshold values was analyzed using preci-
sion, recall, and AP50 metrics. The results are presented in Figure 4.

https://doi.org/10.3390/diagnostics16152454


https://doi.org/10.3390/diagnostics16152454

Diagnostics 2026, 16, 2454 17 of 22

Performance Effects of Confidence Threshold

0.8
0.6
0.4

0.2

0 0.050.10.150.20.250.30.350.40.450.50.550.60.650.70.750.80.850.90.95 1
Confidence Threshold

e=@==Precision Recal mAP50

Figure 4. The effect of the confidence threshold on precision, recall, and AP50.

Examining Figure 4, it can be seen that the model generates more predictions at lower
threshold values, and consequently, the recall value remains relatively high. Specifically,
in the 0.00-0.20 range, recall hovers around 0.53. This indicates that the model maintains
its ability to detect defective regions. However, the fact that precision remains at approx-
imately 0.78-0.79 within the same range suggests that some predictions with low confi-
dence scores are being included in the model as false positives.

As the threshold value rises above 0.25, precision increases while recall gradually
decreases. This result indicates that the model has become more selective and is filtering
out low-confidence predictions. Within the 0.40-0.55 range, precision reaches quite high
values, but recall drops significantly. This situation highlights the precision-recall trade-
off commonly observed in object detection models.

It is observed that the most balanced performance in terms of the AP50 metric is
achieved within the threshold range of approximately 0.30-0.50. Within this range, the
model is able to both reduce false positives and detect cavities with sufficient accuracy. In
contrast, at threshold values of 0.60 and above, recall decreases rapidly, leading to a de-
cline in overall detection performance. At values of 0.85 and above, the model produces
almost no valid predictions, and the metrics approach zero.

Overall, it can be said that the most appropriate confidence threshold range for the
proposed model is 0.30-0.50. In clinical scenarios where more reliable predictions are pri-
oritized, the 0.45-0.50 range may be preferred, whereas in situations where avoiding the
omission of carious areas is more critical, the 0.30-0.35 range may be more appropriate.
Therefore, the confidence threshold value must be carefully determined based on the in-
tended use.

4.3. Limitations

Although the proposed approach offers more balanced detection performance com-
pared to standard YOLOVS, it has certain limitations stemming from the nature of pano-
ramic radiographs and the scope of the dataset. Low contrast, anatomical overlap, and
limited visibility of small lesions can lead to missing or incorrect predictions in some cases.
Examples illustrating these limitations are presented in Figure 5.

https://doi.org/10.3390/diagnostics16152454


https://doi.org/10.3390/diagnostics16152454

Diagnostics 2026, 16, 2454

18 of 22

Sample-1 Sample-2 Sample-3

—

Ground Truth

Proposed Model

Figure 5. Sample ground truth and prediction results illustrating the limitations of the proposed
model. Green bounding boxes indicate ground-truth annotations, whereas blue bounding boxes in-

dicate model predictions with the corresponding confidence scores.

Figure 5 compares the ground truth annotations with the predictions of the proposed
model. In Sample-1, although there are multiple carried areas on the ground truth, only
one region was detected. In Sample-2, in addition to a correct detection, an additional
prediction with a low confidence score that does not fully align with the ground truth was
generated. In Sample-3, a small and low-contrast carried area was missed. These examples
demonstrate that the method has room for improvement, particularly in small, low-con-
trast, and anatomically complex areas.

The main limitations of this study are summarized below:

e  Small and early-stage cavities: As seen in Sample-3, small lesions with low contrast
may not be detectable. This limitation may be related to the resolution of panoramic
radiographs and the limited representation of small lesions in the dataset.

e Images containing multiple lesions: Sample-1 demonstrates that adjacent or similar-
looking carious areas may not be fully captured in the same image.

e  False-positive predictions: The additional prediction observed in Sample-2 suggests
that structures around the root, restoration areas, or changes in radiographic density
may mimic caries-like features.

e  Low contrast and superimposition: The fact that carious tissue and surrounding an-
atomical structures exhibit similar gray-scale characteristics makes it difficult to dis-
tinguish their borders, particularly in areas where the root, adjacent teeth, and bone
structures overlap.

To quantify the extent of the small-lesion limitation, the test set (153 lesions) was
stratified into three equally sized groups (51 lesions each) based on bounding-box area.

As shown in Table 4, all three models detect large lesions reliably (78.4-80.4% recall),
and medium lesions moderately well (60.8-68.6%), but recall for small lesions remains
critically low across all configurations (5.9-11.8%). While the ConvNeXtV2-enhanced ar-
chitecture improves small-lesion recall over the baseline YOLOVS8 (11.8% vs. 5.9%), GA-
based hyperparameter optimization, despite improving overall precision, F1-score, and
AP50, slightly reduces small-lesion recall relative to the unoptimized proposed model
(7.8% vs. 11.8%). This indicates that the optimization process, which favors overall preci-
sion-recall balance and reduces false positives, may implicitly deprioritize the detection
of small, low-contrast lesions that are inherently harder to localize with confidence. This
finding reinforces that the model’s overall recall of 53.6% is not uniform across lesion
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sizes, and that its clinical utility is currently concentrated on medium and large lesions
rather than the small, early-stage lesions where early detection matters most.

Table 4. Lesion size-stratified recall of YOLOVS, the proposed model, and the optimized proposed
model.

Lesion Size Group

Area Threshold (px?) YOLOVS Recall Proposed Model Recall

Optimized Proposed
Model Recall

Small
Medium
Large

<73.5 5.9% 11.8% 7.8%
<138.0 60.8% 68.6% 66.7%
>138.0 78.4% 78.4% 80.4%

Given these limitations, the proposed approach should be considered, in its current
form, not as a standalone diagnostic system but as an auxiliary decision-support tool to
assist dentists in their evaluation process. Future studies should evaluate broader and
more diverse datasets, a more balanced representation of small lesions, external validation
using panoramic radiographs obtained from different devices, and methods to improve
resolution. Furthermore, while our framework utilizes bounding boxes to provide direct
spatial interpretability, future studies could explore attention-based visualization tech-
niques or post-hoc interpretability methods to further enhance the transparency of the
model’s focus on subtle pathological features, thereby potentially increasing clinician
trust in Al-assisted diagnosis.

4.4. Comparison with Other State-of-the-Art Detectors

To further contextualize the performance of the proposed model, we additionally
trained and evaluated four recent object detectors, YOLOv9-C, YOLOv10-L, YOLO11-L, and
Faster R-CNN, using the same data split and test set as the models reported in Table 2.

As shown in Table 5, the optimized proposed model achieved the highest precision
(0.784) and AP50 (0.626) among the five compared detectors. Faster R-CNN obtained the
highest recall (0.614), but its precision (0.369) was substantially lower than that of all other
detectors, indicating a stronger tendency toward false-positive predictions; consequently,
its overall AP50 (0.513) remained the lowest among the compared models. YOLO11-L
achieved a slightly higher recall than the optimized proposed model (0.558 vs. 0.536) but a
lower AP50 (0.566 vs. 0.626), suggesting a less favorable precision-recall balance. YOLOV9-
C and YOLOvV10-L, which are considerably more parameter-efficient (25.3 M and 25.7 M
parameters, respectively) than the ConvNeXtV2-enhanced proposed architecture (122.6 M
parameters), achieved AP50 values of 0.602 and 0.550, both lower than the optimized pro-
posed model. Overall, these results suggest that the proposed model offers a more favorable
balance between false-positive control and localization performance than the compared de-
tectors on this dataset, at the cost of a considerably larger parameter count. Given the limited
size of the test set (47 images, 153 lesions), this comparison should nonetheless be inter-
preted with the same statistical caution applied elsewhere in this study.

Table 5. Comparison with recent state-of-the-art object detectors on the same test set.

Model Precision Recall AP50 Parameters

YOLOV9-C 0.780 0.510 0.602 253 M
YOLOv10-L 0.732 0.497 0.550 25.7M
YOLO11-L 0.665 0.558 0.566 253 M

Faster R-CNN 0.369 0.614 0.513 41.3M
Optimized Proposed Model 0.784 0.536 0.626 122.6 M
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5. Conclusions

In this study, a YOLOv8-based object detection model, enhanced with ConvNeXtV2
blocks and optimized via Genetic Algorithm (GA), is proposed for the automatic detection
of dental caries in panoramic radiographic images. Given the challenges of panoramic
radiography such as low contrast, anatomical superimposition, and limited visibility of
small lesions, this approach provides a practical framework for caries localization.

Experimental results demonstrate that the GA-optimized model achieved a Box Pre-
cision of 78.4%, a Recall of 53.6%, and an AP50 of 62.6%. These metrics represent an im-
provement over the baseline YOLOVS, particularly in reducing false positives and stabi-
lizing the precision—recall balance. Size-stratified analysis further shows that this limita-
tion is concentrated in small, early-stage lesions, where recall falls to 7.8-11.8% depending
on configuration, compared to over 78% for large lesions. Given this, a recall of 53.6%, and
in particular, the markedly lower recall observed for small lesions indicate that the pro-
posed model is not yet ready for standalone clinical use and should currently be posi-
tioned strictly as a second-reader or decision-support tool used alongside, rather than in
place of, expert dental examination. Consequently, the proposed approach should be eval-
uated as an Al tool supporting dentists’ decision-making processes rather than a
standalone system.

Future work will focus on expanding the dataset to include diverse patient de-
mographics and imaging devices, validating the model on external datasets, optimizing
confidence thresholds for clinical utility, and evaluating real-time integration into clinical
workflows. Additionally, adapting this architecture to periodontal disease detection, jaw
lesions, and implant planning may further enhance the study’s clinical and technological
contributions.
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