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ABSTRACT The rise in the emphasis on oral diseases has elevated the need to automate the diagnostic
process of such diseases. Fortunately, the availability of modern computing devices has made the automated
diagnosis of teeth readily possible using deep learning. Despite this, concerns about the accuracy and function
of automated diagnosis remain among patients. To showcase the performance of such algorithms, we propose
two approaches for the task of teeth diagnosis utilizing Orthopantomograms (panoramic radiographs): 1)
a direct classification approach; and 2) a hybrid approach that combines a deep learning model with a
traditional classifier. The results revealed that all ten chosen deep learning models experienced a similar or
improved performance when used in conjunction with a machine learning classifier. In particular, Vision
Transformer (ViT) performed the best with a record accuracy of 96% using both the direct and hybrid
approaches. However, the hybrid framework combining AlexNet with a Support Vector Machine achieved
an accuracy of 94%, and although it falls short of ViT in terms of performance, it comprises far fewer
parameters. This highlights the approach’s effectiveness in improving performance without the need to use
a deeper model, making it well-suited for clinical adoption where efficiency is important.

INDEX TERMS Dental imaging, dental informatics, deep learning, machine learning, orthopantomography,
transfer learning, vision transformer.

I. INTRODUCTION
Advances in dental technology have played a major role
in treating oral diseases and improving overall oral health,
which has been strongly associated with subsequent mor-
tality [1], [2]. Naturally, this means that diagnosing these
oral diseases and issues must be efficient, accurate, and
fast. In traditional dentistry, there are two primary diagnostic
approaches: clinical examinations and radiographs (i.e.,
X-rays). Clinical examinations are usually inefficient and
time-consuming, requiring a dentist’s manual assessment and
evaluation of diseases [3].

Radiographs, on the other hand, have been used to develop
Artificial Intelligence (AI)-based decision support systems
that have the potential to enhance and speed the diagnostic
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processes. In particular, transfer learning, or the use of a pre-
trained model with pre-learned weights, has been effective in
its utility within dental radiographs [4].

One important type of radiograph used in dentistry is
an Orthopantomogram (OPG). An OPG, sometimes called
a panoramic radiograph, provides a comprehensive view
of the hard tissues of the oral cavity and surrounding
skeletal structures [5]. Dentists commonly use OPGs as
a screening tool because they offer a complete view of
the teeth and jaws, enabling oral diagnosis. Despite the
potential presence of artifacts in OPGs, they usually provide a
more inclusive diagnosis compared to a clinical examination,
often discovering diseases that were unseen in the preceding
examination [6].

After surveying 1015 patients and 250 experienced dentists
in the United States in July 2023, it was found that 81%
of the surveyed dentists had a positive attitude toward
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implementing AI in applications in dentistry [7]. However,
despite the numerous benefits of AI in industry, and the
positive attitude from dentists, only 42% of the surveyed
patients express comfort with receiving AI-based treatments
while the majority remain neutral about the matter, mostly
due to worries about accuracy, functional limitations, and
speculative outcomes.

To address these issues, we propose a deep learning
framework for teeth diagnosis using OPGs. This framework
includes direct and hybrid deep learning approaches for
disease classification. In the direct classification method,
a full deep learning model is used and the classification is
performed through the model’s classification layer. In the
hybrid approach, the features are extracted using a deep
learning model and used as input to traditional machine
learning classifiers that make the final prediction. Regardless
of the approach used, the paper’s main objective is to
demonstrate the utility of AI in analyzing OPG radiographs.
Therefore, our main contributions can be summarized as
follows:

• We devised a framework for teeth diagnosis encompass-
ing direct and hybrid deep learning approaches. The
framework’s performance has been demonstrated with
tests on a public dataset of OPG radiographs achieving
reduced computational requirements without sacrificing
performance.

• We compared the performance of various models
using both direct and hybrid approaches. Extensive
experiments and tuning were conducted on ten deep
learning models and seven traditional machine learning
classifiers, which resulted in a record accuracy on the
dataset used.

• We highlighted the promising applicability of the
hybrid framework in dental clinics as it provides a
reliable yet computationally efficient decision support
system that enables clinics to utilize it with minimal
computational resources for real-time inference and
incremental learning.

II. LITERATURE REVIEW
The method of applying feature extraction in conjunction
with a machine learning classifier has been used in many
image classification and detection tasks in medical and non-
medical fields. Recently, the prevalent feature extraction
methods for general applications involve Convolutional
Neural Network (CNN) models [8], [9], [10], [11], [12] and
less traditional hand-crafted feature extraction methods [13],
[14], [15]. In this section, we explore both these methods
for general applications, as well as all methods applicable to
dental diagnostics.

A. HYBRID APPROACHES FOR MEDICAL AND
NON-MEDICAL APPLICATIONS
Hybrid approaches have shown effectiveness in various appli-
cations, outperforming other methods. In the non-medical
spectrum, [8] classified violence in videos whereas [9]

worked on human action recognition more generally. Refer-
ence [10] classified texture from images. On the medical side,
[11] worked on the classification of gastrointestinal disease
from wireless capsule endoscopy images, [12] categorized
breast cancer from mammogram images, and [13] classified
multiocular disease from retinal fundus images. Using only
hand-crafted features, [14] diagnosed human burns from
burn images, and [15] categorized the modality of medical
images.

B. APPLICATIONS OF AI IN DENTAL DIAGNOSTICS
Recently, CNN-based approaches have dominated dental
diagnostics. Most works in the literature classify a minimal
number of diseases. The performance for this task vary, with
accuracy values reaching up to 99% mainly due to good
data quality, simplicity of the task, or advantages of the
proposed model [3], [16], [17], [18], [19], [20], [21]. Other
studies do not achieve such high accuracy values, mainly
due to the detection of challenging types of diseases [22],
[23], [24], [25], [26], due to lacking data quality or quantity,
or a combination of both [27], [28], [29]. A detailed
summary of the studies involving dental diagnosis can be
found in Table 1. It is worth mentioning that we found
no existing works that utilize the dataset that is used in
our work. A detailed overview of the dataset is given in
subsection III-A.

FIGURE 1. A sample OPG radiograph displaying teeth from the four
classes (left to right): (1) impacted, (2) filling, (3) implant, and (4) cavity.
Note that the bounding box of each tooth was included for visualization
purposes.

III. MATERIALS AND METHODS
A. DATASET
Despite the wealth of papers covering dental research, dental
datasets are seldom made public [30]. A dataset that has been
recently shared on Kaggle [31] is considered in this work.
This dataset contains 1262 OPG radiographs each associated
with multiple teeth that fall into one of four classes: cavity,
filling, impacted, or implant. The initial number of individual
annotated teeth is 9283, with the majority belonging to
the filling class. Fig. 1 presents a sample OPG alongside
its annotated teeth. Moreover, despite the dominance of
the filling class, the dataset can be used to generate more
images, through augmentation, which is further discussed in
subsection III-D.
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TABLE 1. Summary of the studies tackling dental diagnosis presented in the literature.

FIGURE 2. A comparison between the workflow of the direct and hybrid
approaches. The hybrid approach includes an additional step of training a
machine learning classifier using features extracted from a deep learning
model, which, although seemingly complex, ultimately pays off as will be
shown later. Note that Principal Component Analysis (PCA), shown in a
dashed box, is optional.

B. ARCHITECTURAL APPROACHES
Two deep learning approaches for classification are evaluated
in this paper: (1) the direct approach and (2) the hybrid
approach. Fig. 2 shows a comparison between the workflows
of both approaches. The approaches are detailed as follows.

1) DIRECT CLASSIFICATION APPROACH
Following this approach, the preprocessed images are fed
directly into the fine-tuned deep learning model, which
then predicts the disease using the model’s fully-connected
classification layer.

2) HYBRID APPROACH
The hybrid approach, the main emphasis of our paper, is illus-
trated in Fig. 3. This approach utilizes a pre-trained model
for feature extraction and a traditional machine learning
algorithm for the final classification. Initially, all annotated
teeth are extracted from their respective radiographs using
the provided coordinates (i.e., bounding box). These sub-
images (i.e., the teeth) are then preprocessed and fed into a
fine-tuned deep learning model, which extracts the learned
features for each image. These features are subsequently
used to train a traditional machine learning classifier for the
final diagnosis. The general training and testing phases of
the hybrid approach are shown in Fig. 4 with an optional
Principal Component Analysis (PCA) step where the deep-
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FIGURE 3. The hybrid architecture for automated teeth diagnosis using a deep learning model and a traditional machine learning classifier. Note
that AlexNet is shown for illustration purposes.

learned features are reduced before training or testing the
machine learning classifier.

C. DATA PREPROCESSING
Various preprocessing techniques were applied before utiliz-
ing the deep learning model on each image within the dataset.
Initially, filtering of the dataset was done to ensure all the
images consisted of a visible tooth with valid coordinates.
This resulted in dropping ten instances due to invalid
coordinates and six additional duplicate instances.

Following the filtering process, the individual teeth images
were extracted and resized to 256 × 256 pixels. Each image
was then cropped to a size of 224 × 224 pixels, centered
around the middle of the image, as this is the input image size
of the pre-trained models used. Subsequently, normalization
was performed on the images using Eq. 1 with a mean and
standard deviation (SD) of 0.485 (SD = 0.229), 0.456 (SD
= 0.224), 0.406 (SD= 0.225) for each channel, respectively.
These values are used to get the images into roughly the same
data distribution as the one on which the models were trained.
With these transformations, the images can be fed to the pre-
trained models.

zij = xij − µi

σi
(1)

where zij is the normalized pixel value in channel i, xij is the
original pixel value in channel i, µi is the mean of the pixel
values in channel i, and σi is the standard deviation of the
pixel values in channel i.

D. DATA AUGMENTATION
The initial distribution of images in the dataset was
imbalanced, with the cavity and impacted classes being
underrepresented. In particular, the cavity and impacted
classes combined accounted for only 12.27% of the cleansed
data. To handle the class imbalance problem, manual
data augmentation using geometric transformations was
performed. Since dental tasks often contain imbalanced
classes, most works in the literature followed a similar

augmentation approach to handle this issue [3], [16], [18],
[19], [22], [23], [28], [29]. However, we remain conservative
with the augmentation and do not perform it excessively,
mainly to avoid the chances of overfitting. Particularly, train
instances that belong to one of the two classes were rotated
45 degrees in both directions, tripling the number of instances
belonging to the underrepresented classes. This resulted in
a total of 10859 images after the filtering and augmentation
processes, with a more balanced distribution of the four
categories. Table 2 summarizes the number of instances for
each class before and after augmentation. The augmentation
process is crucial for the quality of the classification as it will
help the model to learn about all classes equally and produce
a non-biased prediction.

TABLE 2. Details of the dataset before and after the data augmentation
performed on the train instances.

E. TRANSFER LEARNING
Ten different models were utilized in the experiments,
namely AlexNet [32], DenseNet121 [33], EfficientNet [34],
MobileNetV2 [35], MobileNetV3Large [36], ResNet50 [37],
VGG16 [38], VGG19 [38], Vision Transformer (ViT) [39],
and You Only Look Once (YOLO) [40] with all being
pre-trained on the ImageNet dataset [41] or the COCO
dataset [42]. The use of the transfer learning approach allows
themodel to utilize knowledge gained from the other datasets,
which can result in superior performance, even with our
limited dataset. In regard to YOLO, the large variant of
YOLOv10 was utilized in the experiments due to its size-to-
accuracy trade-off that outperforms earlier versions [40].
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FIGURE 4. A general overview of the training and testing phases of the hybrid approach. DL: deep learning; ML: machine learning.

Apart fromYOLO, all models used for direct classification
are also used for feature extraction in the hybrid approach.
The models are trimmed to extract the deep-learned features
as opposed to a direct classification. The features extracted
from themodels were pairedwith one of sevenmachine learn-
ing classifiers, which is further discussed in subsection III-G.

Being one of the most established models, AlexNet has
proven its performance in imaging tasks. Since all models
essentially follow the same conceptual framework, the details
of AlexNet exclusively are included. AlexNet comprises
seven layers excluding the classification layer. The initial
five layers are convolutional layers, three of which are
followed by max-pooling layers, with two fully connected
layers preceding the classification layer, which is trimmed
in our case. The convolutional layers are the backbone of
AlexNet and all other CNN models. They work by sliding
a fixed window, known as the kernel, across each channel
and performing the same computation at every point. The
convolutional layers are needed to extract spatial information
about the images by learning the different filters. In the case
of AlexNet, the number and size of the kernels across the
different convolutional layers vary. A visual representation of
the layers with the different numbers of kernels can be found
in Fig. 3.

One key characteristic of AlexNet lies in its Local
Response Normalization (LRN) process that occurs after
the ReLU activation functions in the first and second
convolutional layers. LRN normalization, as seen in Eq.
2, is applied within a local neighborhood of neighboring
channels across the feature dimension [32]. This technique
enhances the model’s robustness to overfitting, also known
as the high variance problem.

bix,y =
aix,y

k + α
min(N−1,i+n2)

j=max(0,i−n2) (a
j
x,y)2

β (2)

where bix,y is the channel’s activity after normalization, aix,y
is the activity of a channel computed by applying the ReLU
activation function to its input, N is the total number of

kernels in the layer, n is the size of the local neighborhood,
and k , α, and β are hyperparameters.

F. DIMENSIONALITY REDUCTION
PCA reduces the complexity of high-dimensional data while
preserving its trends and patterns [43]. It achieves this by
converting the data into a smaller number of dimensions
that summarize the key features. In our framework, PCA
can be used after the feature extraction process, to minimize
the dimensionality of the data. PCA can be computed using
Singular Value Decomposition (SVD) as follows:
Let A be a realm×nmatrix withm ≤ n. It is well known that
A can be decomposed as

A = UVT (3)

where UTU = VTV = VVT = I and

 = diag(σ1,    , σr ) (4)

The matrix U consists of m orthonormal eigenvectors
associated with the m largest eigenvalues of AAT , and the
matrix V consists of the orthonormal eigenvectors of ATA.
The diagonal elements of are the non-negative square roots
of the eigenvalues of ATA; these are called singular values.

G. MACHINE LEARNING CLASSIFIERS
Given the different perks of every classifier, seven differ-
ent traditional classifiers were experimented with, namely
Decision Tree (DT), Random Forest (RF), Support Vector
Machine (SVM) with a Linear kernel, SVM with a Radial
Basis Function (RBF) kernel, K-Nearest-Neighbor (KNN),
Naive Bayes (NB), and Logistic Regression (LR) [44].

• DT is a supervised machine learning algorithm used for
both classification and regression tasks. DT works by
recursively splitting the data into subsets based on the
features that best separate the target variable.

• RF is an ensemble learning method that combines
multiple DTs and takes the prominent result. In other
words, it is a group of DTs, which together provide a
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more accurate and stable prediction than a single tree
could.

• SVMs, also known as maximal margin classifiers, solve
an optimization problem by searching for the decision
boundary that maximizes the margin between the data of
different classes. Associated with SVMs are the ‘‘kernel
tricks’’ that facilitate the implicit mapping of features
to a dimension where they become linearly separable
using a kernel function. A kernel function takes its input
vectors in the original space and returns the dot product
of the vectors in the feature space. This enables the
problem to be solved in a higher-dimensional space,
sometimes in the original input space in the case of
a linear kernel, and then maps it back to the original
dimension in a computationally efficient manner. In the
case of a linear kernel, the decision function is the
weighted sum of the features set to 0 (Eq. 5).

f (x) = w · x+ b = 0 (5)

where x is the feature vector, w is the weight vector, and
b is the bias.

• The RBF kernel, which is very popular in its utility with
an SVM, can be represented using the equation:

K (x, y) = e−
∥x−y∥2
2σ2 (6)

The ‘‘∥x − y∥2’’ is the squared Euclidean distance
between two points in the input space, and σ is a free
parameter that can be used to tune the equation. The
parameter gamma, denoted as γ , can be used to replace
the 1

2σ 2 term in the equation, resulting in a simplified
form:

K (x, y) = e−γ ∥x−y∥2 (7)

In this case, gamma determines the influence of each
training example. A high value of gamma represents
close reach, in which points that are close to the
boundary have a high impact on the decision boundary.
On the other hand, a low value of gamma represents far
reach, in which points that are far from the boundary
have a high influence on the decision boundary.
C, another hyperparameter of SVM in its implemen-
tation in Scikit-learn [45], is also crucial for the
performance of the model. C controls the tradeoff
between smooth decision boundaries and classifying
training points correctly. Similar to gamma, large values
of C can make the model prone to overfitting.

• NB is a classification algorithm based on Bayes’
Theorem (Eq. 8) with the ‘‘naive’’ assumption of
independence among features. Despite its simplicity
and the often unrealistic assumption of feature indepen-
dence, it performs well in many scenarios, such as text
classification.

P(A | B) = P(B | A)P(A)
P(B)

, where P(B) ̸= 0 (8)

• KNN is a simple classifier based on the classification of
an object based on the classes of its closest neighbors.
This implies finding the distance measure of the object’s
features with all other objects’ features.

• LR, similar to Linear SVM, is also based on the
equation of the line, but it utilizes the softmax function
(Eq. 9) to obtain the decision boundary for multi-
class classification. The softmax function returns the
probability measure of a particular object belonging to
each of the possible classes, all adding up to 1.

σ (z)j = ezj
K

k=1 e
zk

(9)

where z is the input vector, zj is the j-th element of the
input vector, K is the number of classes, and σ (z)j is the
output of the softmax function for the j-th class. Each
element of the output vector represents the probability
that the input belongs to a particular class.

IV. EXPERIMENTAL RESULTS AND DISCUSSION
A. EVALUATION METRICS
In this work, we use the following evaluation metrics:

• Accuracy: This is the ratio of correctly predicted
observations to the total observations. Mathematically,
it is represented as:

Accuracy = Number of Correct Predictions
Total Number of Predictions

(10)

• Precision: This is the ratio of correctly predicted
positive observations to the total predicted positive
observations. It is given by:

Precision = True Positives
True Positives+ False Positives

(11)

• Recall (Sensitivity): This is the ratio of correctly
predicted positive observations to all observations in the
actual class. It is given by:

Recall = True Positives
True Positives+ False Negatives

(12)

• F-Score: This is the harmonic mean between Precision
and Recall. It is given by:

F − Score = 2 ∗ Precision ∗ Recall
Precision+ Recall

(13)

• Area Under The ROC Curve (AUC): The Receiver
Operating Characteristic (ROC) curve is a probabilistic
curve that illustrates the relationship between the True
Positive Rate (TPR) and the False Positive Rate (FPR)
at various thresholds. The AUCmeasures the entire two-
dimensional area underneath the ROC curve from (0,0)
to (1,1). An AUC of 1 indicates perfect classification.
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B. EXPERIMENTAL SETUP
Two types of experiments are performed: (1) direct clas-
sification and (2) the hybrid approach with the CNN
(or transformer) feature extractor and a machine learning
classifier. In both cases, we fine-tune all the pre-trained
models per the settings in subsection IV-C. In (1) after
fine-tuning, all models (except YOLO) are evaluated using
their fully-connected classification layer. Subsequently, for
(2), the classification layer is removed from the fine-tuned
models to enable the extraction of features instead of a direct
classification. The features of all training data are then used to
train a machine learning classifier, which is evaluated using
the features of the testing data.

C. IMPLEMENTATION DETAILS
All models are fine-tuned with the same setup apart from
YOLO. The models are fine-tuned for 50 epochs with a
learning rate of 1e-05, a batch size of 64, and a weight decay
of 1e-03. YOLO was fine-tuned for 50 additional epochs
with a learning rate of 0.00125 and a batch size of 32. The
epochs were set such that the models would converge while
avoiding overfitting. For all models, a stratified 70-10-20 split
is made with the majority used for the fine-tuning process and
the remaining used for validation and inference, respectively.
As discussed earlier in subsection III-D, data augmentation
is performed on the underrepresented classes of the training
set. An Adam optimizer and a cross-entropy loss function are
employed. PyTorch [46], OpenCV [47], and Scikit-learn [45]
libraries are used for the experiments which are conducted
on one 40 GB NVIDIA A100 GPU. All machine learning
classifiers are used with the default parameters’ values unless
specified otherwise.

TABLE 3. Summary of the classification results obtained from various
pre-trained deep learning models.

TABLE 4. Classification report of the best-performing model, ViT.

D. EXPERIMENTAL FINDINGS AND INTERPRETATION
In this section, the experimental findings and their interpreta-
tions for each of the classification approaches considered are
discussed.

1) DIRECT CLASSIFICATION APPROACH
We summarize the results of classification using the direct
classification models in Table 3. The results show a clear
superiority of ViT, achieving an accuracy and F-score of 0.96,
which is a record accuracy on the dataset. However, as shown
in Table 4, we observe a low recall for the cavity class
caused by the model misclassifying the cavity class samples
as filling. Fig. 5 illustrates the confusion matrix for ViT
which further highlights this phenomenon. We will discuss
our reasoning for these misclassifications in section IV-E.

FIGURE 5. Confusion matrix of the best-performing model, ViT.

The second highest performance, achieved using VGG19,
was 3% away from ViT’s performance. The reason for this
difference stems from ViT’s attention mechanism where the
model focuses on different parts of the image [39]. All
other used models do not have an attention mechanism
and instead focus on the entire spatial structure of the
image, which can cause the model to capture irrelevant
information. This is very relevant to our dataset as the
tooth, especially when resized, may contain pixels that
do not contribute any information (e.g., background). This
exceptional performance of ViT is on par with the metrics
reported by [18] using a transformer-based architecture for
dental diagnosis, which in turn validates their findings on the
effectiveness of transformer models within dental imaging.
Additionally, YOLO has placed last in terms of F-score. This
opposes other papers that chose YOLO as their model of
choice [3], [17], showing that YOLO is not the best model
for our particular dataset.

2) HYBRID APPROACH
When the features of the models are used in conjunction
with a machine learning classifier (i.e., the hybrid approach),
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TABLE 5. Comparison of the F-scores obtained from traditional machine learning classifiers using features extracted by different models.

an increment in performance is observed. The results of
these experiments are shown in Table 5. Furthermore, the
difference with the direct classification results can be seen
in Table 6, where all CNN models noticed an improved or
identical F-score with at least one machine learning classifier
compared to that of the direct classification approach. ViT
achieved the highest F-score of 0.96, further showcasing
its superiority. Additionally, both AlexNet and VGG19
achieved the second highest F-score of 0.93. While the F-
scores of VGG19 are consistent within different classifiers,
emphasizing the quality of its features, AlexNet achieved
the same F-score of 0.93 with Linear SVM. The parameter
and memory requirements of both models can be seen
in Table 7 with AlexNet comprising less than half of
VGG19’s parameters [32], [38], [39]. Hence, since AlexNet
has significantly fewer parameters than VGG19, AlexNet is
deemed to be preferable over VGG19. Table 7 also showcases
a comparison with ViT, the highest-performing model, with
AlexNet having 26 million fewer parameters.

TABLE 6. Comparison between the F-scores of the models using the
direct classification approach versus the hybrid approach with the
highest-performing machine learning classifier of each model.

TABLE 7. Comparison of the number of layers, parameters, and memory
requirements of AlexNet, VGG19, ViT, and the hybrid approach.

More tests were conducted with AlexNet, exclusively,
given that it has resulted in the highest performance within
the scope of our work encompassing a hybrid approach
with memory constraints. Since multiple machine learning
classifiers achieved comparable results on features obtained

from AlexNet, we performed hyperparameter tuning on them
for a potential increase in performance.We considered tuning
the hyperparameters for Linear SVM, RBF SVM, and KNN
since they are AlexNet’s top-performing classifiers. When
varying the number of neighbors (i.e., K) for the KNN
classifier, no significant improvement in the metrics is seen
with some signs of overfitting at small values of K.Moreover,
the results of SVM showed that the model is overfitting at
certain values of C with the linear kernel. However, the RBF
kernel, with specific C and gamma, showed promising results.
In particular, when C was set to 7 using the RBF kernel, the
model performance was at its highest while also avoiding
overfitting. Therefore, we picked that hyperparameter value
for our final experiment.

Using PCA, we tested using different numbers of principal
components. It is found that RBF SVM (with C = 7 and
default gamma) performed the best at around 90 components,
carrying 89.5% of the explained variance. This means that out
of the total variation in the original 4096 features obtained
from AlexNet, 89.5% was explained by only 90 components
which is a great reduction of dimensionality. For illustration,
Fig. 6 shows the 12 principal components of the highest
explained variance holding 68.3% of the total explained
variance while the lower 80 components hold 21.2% of the
total explained variance. The results of the best-performing
RBF SVM classifier, configured with the chosen parameters
utilizing AlexNet’s features, are summarized in the confusion
matrix depicted in Fig. 7 with a final accuracy of 94%. The
precision, recall, and F-score for each class are shown in
Table 8. Similar to ViT’s direct classification, this model also
has low recall for the cavity class, which is also discussed in
section IV-E.

TABLE 8. Classification report of the hybrid architecture encompassing
AlexNet and SVM with an RBF kernel and PCA for dimensionality
reduction after hyperparameter tuning.

Additionally, the ROC curve shown in Fig. 8 highlights
the dominant performance of the model in predicting all
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FIGURE 6. Explained variance of the top 12 principal components.

FIGURE 7. Confusion matrix of the best-performing classifier using
AlexNet’s features with RBF SVM and PCA.

four classes, with areas close to 1. However, the cavity
class shows the poorest performance with an area of 0.93,
which demonstrates the model’s slight difficulty in predicting
instances from that class as opposed to the other classes.

E. DISCUSSION AND LIMITATIONS
As shown by the confusion matrices depicted in Fig. 5 and
Fig. 7 for the direct and hybrid approaches, respectively,
both models experience some difficulty in distinguishing
cavities from fillings. While ViT does a better job at this task,
a considerable number of cavities are still being confused
for fillings. We suspect multiple underlying causes for this
behavior. Despite the filling class being the dominant class,
the class imbalance is unlikely to be the reason since instances
from the impacted class are generally not being confused as
fillings. One reason, however, could be attributed to the low-
resolution images that make it hard to distinguish textures.
As a consequence of these low-resolution images, we suspect
themodels are simply not capturing the subtle differences that
distinguish a cavity from afilling. This raises a question about
the overall reliability of AI-based decision support systems
and the practicality of their deployment in a clinical setting.

However, despite decision support systems being prone to
mistakes, they ultimately minimize human-induced errors
and are meant to complement radiologists rather than replace
them [48].

FIGURE 8. ROC curve of the best-performing classifier using AlexNet’s
features with RBF SVM and PCA.

TABLE 9. Comparison of the training and inference time between the
direct approach (ViT) and the hybrid approach (AlexNet with PCA and RBF
SVM). Inference was performed using a CPU on one random batch
of size 64.

Furthermore, the results obtained with the hybrid frame-
work exceed expectations, demonstrating superiority in
efficiently detecting dental diseases with a reduced parameter
count as opposed to other state-of-the-art methods as seen in
Table 7. While it might look more complicated, the hybrid
approach may be looked at as a simplification of the direct
classification approach, as it utilizes a machine learning
classifier which is generally simpler and faster than the
classification layers of a deep learning model. The speed
of a model, particularly for inference, is significant for its
deployment in a practical setting. As seen in Table 9, the
hybrid framework (AlexNet with RBF SVM) is significantly
faster than ViT taking 285 and 0.34 seconds for training
and CPU inference, respectively as opposed to 3300 and
5.06 seconds with ViT. Additionally, while all training
experiments were conducted on a 40 GBGPU, the framework
only utilized 5% of the GPU’s memory, meaning it could be
trained on a laptop with a minimum of 2 GB of GPUmemory.
This implies the ability to adopt incremental learning, where
a clinic’s laptop can be used on-demand to further train
the model on new data. The importance of incremental
learning has been shown in the past [49] and the hybrid
approach not only facilitates real-time inference but also
facilitates incremental learning where clinics would not have
to worry about needing a large-scale GPU to actively train the
framework on new instances. This reduction in computational
requirements while retaining a similar performance to that of
a more complex model suggests that the hybrid approach may
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be better suited for clinical adoption as opposed to other state-
of-the-art deep learning models.

TABLE 10. Comparison of results from various OPG classification-based
research studies with our results. Note that different datasets were used
in each study, making the comparison between the accuracies
inconclusive.

Table 10 compares our work and other studies that target
a condition classification task using OPGs. However, the
studies included each utilize a different dataset that has not
beenmade public. This explains the inflated accuracy of some
studies, as they only include relevant radiographs and exclude
problematic ones (e.g., those with artifacts or rare diseases)
in their private datasets. In our case, however, we only
excluded duplicated and invalid instances. As mentioned
earlier, we could not find other studies that utilize the dataset
we used in our work.

The limitations of our work are directly correlated with the
available data, as dental annotations are both expensive and
time-consuming. This includes the quantity of annotations,
the diversity of the annotated categories, and the tasks to
which the annotations target. This is particularly relevant due
to the natural imbalance of the data when it comes to rare
dental diseases, which can cause the model to perform poorly
if not handled appropriately [50].

Future work could involve utilizing a larger and more
diverse dataset which would alleviate the mentioned issues
while also enhancing the framework’s generalizability and
applicability across different populations and conditions.
Finally, integrating different types of dental imaging modal-
ities in addition to OPGs, such as dental Cone Beam
Computed Tomography (CBCT) scans, would be the next
approach for a more comprehensive and well-rounded
framework to be incorporated in a real-world setting.

V. CONCLUSION
In this work, we followed an experimental approach to
the diagnosis of dental diseases using OPG radiographs,
leveraging transfer learning. The hybrid approach involves
the use of a pre-trained deep learning model for fea-
ture extraction followed by a traditional machine learning
algorithm for disease prediction. The best accuracy of
96%, which is also the highest recorded accuracy on the
dataset used, was achieved by utilizing ViT with both
the direct and hybrid approaches. Furthermore, the hybrid
framework utilizing AlexNet’s features followed by SVM
with an RBF kernel achieved an accuracy of 94% with a
large cut in the number of parameters. These promising

results emphasize the effectiveness of a deep learning-based
diagnostic decision support system.Most notably, the balance
between complexity and performance makes the hybrid
approach favorable for clinical adoption with it enabling on-
demand inference and incremental learning.
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