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Abstract Dental cavities are a highly common persistent dental problem that impacts
populations across different age groups on a global scale. It is crucial to get a dental
issue diagnosed as early as possible and with as much accuracy as possible to treat
it efficiently and prevent any related issues. If a dental infection is not treated, it will
eventually grow and cause tooth loss. Dental X-ray images are crucial and beneficial in
the diagnostic process of dental diseases for dentists. By applying Deep Learning (DL)
techniques to dental X-ray images, dental experts can efficiently and precisely detect
dental conditions, including dental cavities, fillings and implants. The objective of this
research is to assess the performance of DL-based methods for dental disease detec-
tion via panoramic radiographs. In this study, we evaluated the performance of all of
the EfficientNet variants (e.g., EfficientNets B0-B7) to determine which one is the most
effective model for detecting dental disease. Moreover, we utilized the Borderline Syn-
thetic Minority Oversampling Technique (SMOTE) to cope with the issue related to the
minority classes contained in the dataset. To assess the efficacy of the model, various
metrics are employed, including recall, accuracy, precision, loss, and F1-score. As a result,
the performance of the EfficientNet-B5 model was superior to that of the other Efficient-
Net models. The EfficientNet-B5 model achieved the following values for its metrics: F1-
score, accuracy, recall, AUC, and precision: 98.37%, 98.32%, 98.32%, 99.21%, and 98.32%,
respectively. The accuracy rates for the EfficientNet-BO, EfficientNet-B1, EfficientNet-B2,
EfficientNet-B3, EfficientNet-B4, EfficientNet-B6, and EfficientNet-B7, are 91.59%, 94.12%,
93.28%, 85.71%, 94.96%, 96.64% and 90.76%, respectively. The results indicated that the
EfficientNet-B5 model performs better than other EfficientNet classifiers, which supports
dental professionals significantly in the recognition of dental diseases.
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1 Introduction

Dental cavities are awidespread and chronic infectious
dental problem that affects people of all ages world-
wide. It is estimated that almost 50% of the popula-
tion is impacted by the current prevalence of dental
disease, with permanent cavities impacting 2.3 billion
individuals [1], [2], [3]. Caries, also known as cavities or
tooth decay, is a dental condition that is characterized
by the production of lactic acids by bacteria found in
the mouth, which cause damage to the enamel layer
of the affected tooth. This could potentially result in
the formation of small cracks among the teeth, which,
if left untreated, could result in infection, discomfort,
and tooth loss [4], [5], [6]. In addition, it is noteworthy
that in the Republic of Korea in the year 2020, dentists
treated over 6 million patients who had dental cavities,
and of these 1.45 million were kids aged 0 to 9 years
[7]. Therefore, the treatment of dental cavities disease
presents a challenge for scientists. Cavities in the teeth
are a form of tooth decay that can be initiated by par-
ticulates of food that remain on the teeth after a meal
has been consumed and can be a threat to oral health.
Teeth may become weaker and porous, or they can
break as a result of this condition.

Dental information technologies are an emerging
discipline within an area of dentistry that has the po-
tential to improve and extend the processes of anal-
ysis in dental practices, save patients time as well as
relieve the stress they encounter daily [8]. The most
common oral diseases that affect the standard of liv-
ing are dental diseases [3],[9]. However, according to
a prior Korean study, just 21% of the population vis-
its dental hospitals and clinics for their dental check-
ups [10]. All people, even children, who have teeth are
vulnerable to cavities. If cavities are not treated, they
will continue to spread into deeper parts of our teeth
and become more severe. The most effective method
for protection against cavities is to maintain a routine
for dental care. This should involve going to the den-
tist for regular checks as well as washing and brushing
your teeth regularly. The symptoms associated with
cavities can vary significantly, depending upon the cav-
ities' position and degree of severity. During the be-
ginning phases of cavity growth, there is a chance that

you won't notice any symptoms at all. Symptoms that
can appear as the process of cavities develops include
toothache, or sudden pain, tooth sensitivity, and a mild
to severe disease induced by consuming sweet, warm,
or frozen substances. brown, white, or black darken-
ing on any portion of a tooth, and pain caused after
biting up [10]. By treating a cavity before the beginning
of pain, the possibility of tissue damage is decreased,
thereby conserving a greater portion of the tooth struc-
ture [11].

Dental professionals are responsible for detecting
problems associated with teeth. A dentist may take
X-rays, inquire about pain, and examine the teeth in
order to detect cavities early. The lesions caused by
dental cavities might not all be detectable with a visual
or touchable examination. As a direct consequence
of this, imaging approaches are commonly used to en-
hance the rate of identification [12], [13], [14]. In past
years, medical imaging methodologies, which include
X-rays, have been of great assistance in the diagnosis
and treatment of numerous diseases [15]. X-ray tech-
nology has facilitated the detection of dental diseases
by dental clinicians. Dental radiographs can be clas-
sified as either extra-oral or intra-oral. Periapical and
bitewing X-rays are intraoral radiographs that can im-
age specific parts of the mouth and necessitate multi-
ple examinations to capture distinct areas. This takes a
lot of time to analyze, makes the patient irritated, and
can increase the amount of radiation consumed [16].

For this study, extra-oral radiographs (such as
panoramic X-ray images) have been chosen due to
their superior performance compared to conventional
radiograph imaging methods. Using a single X-ray,
they illustrate (i) the entirety of the oral cavity, (ii) every
tooth in the upper and lower mandible, and (iii) the
locations of both fully emerged and emerging teeth.
Additionally, it is well-suited for the field of dentistry
due to its expedited treatment time, increased ability
to diagnose, reduced radiation consumed, and ease
of infection control procedures [17]. Panoramic
X-ray imaging is an excellent option to identify dental
issues due to its low cost and relatively low radiation
requirement [18]. Time and expertise are required
for manual examination of dental issues to categorize
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and identify dental diseases. However, the manual
procedure for evaluating dental diseases is laborious
and susceptible to error when performed by dentists
lacking experience [17]. In this case, researchers have
implemented various advanced Machine Learning
(ML) and DL architectures, to automatically diagnose
dental diseases through the use of X-ray images. A
little progress has been made toward the automatic
detection of dental issues [17]. The success of the
treatment and diagnosis is thus reliant on the capa-
bilities of the reading expert as well as technological
advancements [19]. The implementation of an au-
tomated system for detecting and classifying dental
issues may prevent the loss of teeth and assist in the
early detection of disease.

The type of artificial neural networks (ANNs) known
as DL has made significant advances and is effectively
used in computer vision applications such as object
detection, tracking, face and activity identification,
and multidimensional mapping and localization [20],
[20]. In 2006, Hinton presented the idea of DL to
the scientific community as an improved version of
multilayer ANNs [21]. Additionally, DL-based CNN
approaches for the identification and categorization
of diabetic retinopathy, pulmonary tuberculosis, and
skin cancer have already proven to be highly accurate
and effective, with encouraging clinical applications
[22], [23]. A selection of labelled datasets and neural
network layers are employed to train the model. How-
ever, the advantage of existing DL-based approaches
is that they automatically use learning to extract
important features from images [24].

In medical images, the most popular technique for
classifying, identifying, and segmenting organs or dis-
eases is convolutional neural networks, or CNNs [25],
[26], [23]. CNN is one of the most widely utilized and
popular DL networks. Currently, DL is extremely promi-
nent due to CNN. CNN's primary advantage over its
predecessors is that it detects significant features auto-
matically and without human intervention, which has
led to its popularity. The CNN architecture comprises
the fundamental components, which consist of fully
connected layers, convolution layers, and pooling lay-
ers[27], [28]. Afundamental element of the CNN archi-

tecture, the convolution layer performs the extraction
of features. This process generally involves a combina-
tion of nonlinear and linear operations, specifically the
process of convolution and activation function [29].

In dentistry, DL has become a significant topic,
specifically in the detection of dental caries [30], [31].
However, because there haven't been a lot of studies
conducted regarding dental categorization using DL,
this is still a topic that requires more investigation
within the field [32]. Consequently, the purpose of
this study is to assess the performance of EfficientNet
variants (such as EfficientNet BO-B7) for dental disease
detection by using X-ray images and these models
can recognize the three different categories of dental
diseases such as dental cavities, fillings, and implants.
The following are the primary contributions of the
research:

1. In this present study, EfficientNets B0O-B7 mod-
els were evaluated to examine which one model
might be most suitable for the detection of dental
disease.

2. The accuracy of the models is affected as a result
of the problem of class imbalance that happens
within the dataset. We utilized the BL-SMOTE
oversampling approach, which adds new images
to balance the class samples so that we tackle
the imbalance problem that was present in the
dataset.

3. By employing the Grad-CAM heat-map algorithm,
the class activation map is visually represented,
emphasizing the characteristics that contribute
to the categorization of a given image sample.

4. In comparison to the other EfficientNet architec-
tures, the EfficientNet-B5 architecture achieved
superior results across a variety of evaluation cri-
teria, including recall, F1-score, accuracy, recall,
precision, AUC, and loss.

The subsequent portions of the paper are struc-
tured according to the mentioned categories. A
description of the literature review is found in Section
2. We explained the methodology in Section 3. The
discussion and results are provided in Section 4, and
the study is concluded in Section 5.
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2 Literature Review

A significant number of research has been given
to the detection of dental diseases to aid dental
professionals in identifying the condition at an early
stage. The results of recent studies regarding the
application of DL and ML models for the detection
of dental disease are outlined in the Table 1. An
enhanced approach was devised by Kang et al[7]
to identify cases of decaying teeth that may pose a
health risk. By combining the mRMR + GINI choosing
features and the GBDT algorithm, they were able to
design a method that would enhance the detection
of dental caries. An assessment of performance was
conducted utilizing the five ML classifiers (LR, RF, SVM,
LSTM, and GBDT) that served as the benchmarks. The
proposed GBDT classifier, which was built with a more
limited feature set than the other classifiers that were
discussed, displayed the most successful classification
outcome. The researchers built their dataset with
the 2018 Children’s Teeth Survey conducted by the
Korea Institutes for Disease Prevention and Control as
the basis for their work. The following are the values
that were achieved for accuracy, precision, recall,
and F1-score: 95%, 98%, 88%, and 93%, respectively.
Ali et al [33] employed Google BERT for semantic
feature extraction, which has proven to be an effective
technique for capturing contextual representations
and MLP for training the Deep Learning model for the
classification tasks. Based on the VGG16 model, Kalita
et al[34] suggested the fine-tuned model. Their model
classified dentin cavities using simulation-based
methods. A collection of Radio Visio Graphy (RVG)
images depicting weakened teeth was acquired and
annotated to conduct their research. Additionally,
a comparative analysis was conducted between the
model they provided and the fully developed VGG16
and the Bi-LSTM paired via transfer learning. 550
tooth periapical RVG photographs were acquired
of individuals ranging in age from 18 to 70 years;
photos were collected from this group.In comparison
to the completely developed model, the proposed
approach demonstrates superior performance, attain-
ing an accuracy of 97.87% and a loss of simply 0.0325
throughout 20 iterations. A technique proposed by

Haghanifar et al [35] for autonomously identifying
tooth caries in panoramic images was presented.
Their technique applies a network of capsules to
determine outcomes for estimation, and utilizes
numerous deeper models learned through transfer
learning to obtain meaningful data. Their algorithm
used a collection of images comprising 470 panoramic
images and was able to achieve an accuracy of 86.05%
on the set that was tested. For extreme and moderate
serious situations, their model yielded recall rates
of 90.52% and 69.44%, respectively. They confirmed
that severe cavity regions were quicker to identify and
that a larger dataset is needed to achieve effective
moderate cavity recognition.

Chen et al[36] devised a detection method that
concurrently identified tooth decay and periodontitis
by applying DL and image processing strategies to
dental X-ray photographs. Using the YOLOv7 object
identification method, the single-tooth X-ray photo is
identified and subsequently edited using the periapi-
cal X-ray image. After that, an adjustment was made
to the regional intensity utilizing a technique known as
brightness-limited equalization of histograms utilizing
adaptive algorithms. The DL framework that is being
used for classification is constructed of layers that
are completely coupled to one another and a recently
learned EfficientNet-BO. To overcome the difficulties
associated with detection, the sigmoid function is
employed to produce two labels. When it comes to
tooth detection, the YOLOvV7 algorithm has a precision
rating of 97.10% on average.

Fatima et al [37] designed an automatic model
that was constructed using two separate components.
The initial component was a modified and lightweight
MobileNet-v2 that leveraged a region-based network
(RPN) to assess periapical diseases on an initial dataset.
In the initial stages, a series of visual observations
received preprocessing to eliminate noise, increase
contrast, and improve image quality. The researchers
then derive features from the preprocessed images
using the lightweight technique they have suggested.
The retrieved feature maps are subsequently transmit-
ted to the RPN, where they are utilized in the creation
of region proposals. The region vector unit for the
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region of interest (ROI) is subsequently provided with
these region proposals. After the concurrent pro-
cessing of the region proposals and the visualization
of features, this block classifies the incoming image
using FCLs. Panyarak et al [38] evaluated the viability
of classifying tooth decay by employing bitewing
radiography and DL techniques. To assess the per-
formance of ResNet-50, ResNet-101, ResNet-18, and
ResNet-152, an entire set of 2758 annotated bitew-
ing radiographs were arbitrarily divided into three
distinct research studies. To assess the effectiveness
of each technique, a study was conducted on both
the results of the vectors and the AUC curve. The
experimental results demonstrated that ResNet-50
attained the maximum level of accuracy 75.00%, after
which came ResNet-101 at 74.09%, in that particular
order. In the classification dental caries regarding
the ICCMSTM-RSS, the performance of the ResNet
models was approximately average. A dental disease
segmentation architecture known as the Dental Caries
Detection Network (DCDNet) was proposed by Dayi et
al[39].

This segmentation design is primarily distinguished
from others of its sort by the Multi-Predicted Outcome
architecture situated in the last part of DCDNet. To
identify occlusal, proximal, and apical tooth decay,
the ultimate feature map in MPO was split into three
separate routes. A series of exhaustive experimental
evaluations were conducted to assess the functional-
ity of the DCDNet architecture. The image collection
parameters utilized for radiographs using the Plan-
meca Promax 2-D Panoramic System were as follows:
14 mA, 12 seconds, and 68 kVp. Labels were applied
to 504 panoramic radiography images utilized in the
experimental trials to denote the presence of 378
apical tooth decay, 746 occlusal tooth decay, and
1627 closer tooth decay, respectively. As a form of
Al, Hasnain et al [40] applied DL to diagnose dental
conditions through the evaluation of images from
X-rays. The set of photos consists of 126 images, all
of which have been assessed as Normal or Affected
by tooth specialists. To enhance the efficacy of DL
structures throughout the development process, data
augmentation is executed to augment the dataset in

size.

To verify the authenticity of an image and detect
abnormalities, a CNN architecture is constructed in
its entirety. Their architecture includes the following
layers: max-pooling, convolutional, flatten, dense, and
output. To automate the assessment of healthcare
quality of services, an augmented reality (CNN) model
is constructed employing the supplementary data.
To evaluate the effectiveness of the model, several
distinct metrics are employed, such as accuracy,
recall, loss, precision, and F1-score. Oztekin et al
[41] conducted a comparison to decide which of
three renowned models, including EfficientNet-BO,
ResNet-50, and DenseNet-121, which had already
been developed, executed the cavity recognition task
most efficiently. The approaches take panoramic
photos as input and create a heat map that illustrates
spots of concern on the tooth surface, in addition to
a classification that determines whether a tooth has
caries or does not have caries. The effectiveness of the
framework that they built was evaluated by deploying
full panoramic photos that included 562 individuals
as subjects. The three models' conclusions were quite
similar to one another.

However, the outcomes of the ResNet-50 model
were demonstrated to be significantly better than
those of the EfficientNet-BO and DenseNet-121 meth-
ods. After further investigation, it was found that
the heat maps were additionally situated in areas
that were known to contain cavities. Karaoglu et
al[42] devised the heuristic algorithm-based approach
known as Mask R-CNN, which was verified through
the analysis of panoramic radiographs of the teeth.
The initial author, DentiAssist, a web-based labelling
system, was employed by two dental radiologists to
perform the ground-truth categorization of images
necessary for the development of the DL technique.
The dataset was compiled using 2702 tooth images
from which the identifying information had been
extracted. The dataset is divided into three sections:
labelled the training set, the validation set, and the
test set comprising 1747, 484, and 471, images, re-
spectively. The investigation yielded the following
results regarding the corresponding percentages
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of a fl1-score and accuracy: 95.87%, and 92.49%,
respectively. Jiang et al [43] proposed a two-stage
DL architecture comprised of YOLO-v4 and UNet for
discriminating critical locations and the dental pulp.
To precisely measure the amount of gingival bone
loss in the alveolars and to diagnose periodontitis,
this procedure was executed. The model's ability
to recognize these traits was evaluated, and the
outcomes were compared to those of beginner dental
professionals. An overall of 640 panoramic images
were utilized in the study. Three efficient gum spe-
cialists were tasked with identifying the critical areas
necessary for quantifying the extent of gingival dental
bone loss, as well as the specific location and structure
of alveolar tooth loss. In their study, AL-Ghamdi et al
[40] offered a CNN capable of performing multipur-
pose segmentation. This is achieved by classifying
X-ray images into three separate groups: filling, cavity,
and implant. CNN was presented in the context of a
NASNet architecture in their paper, which featured
a variety of dropout layers, max-pooling layers, and
activating functions in different quantities. Following
the initial preprocessing and enhancement of the data,
the next step procedure involved the construction of
a multiple-outcome method. Ultimately, a framework
was created and formulated; the loss and accuracy
metrics served as the evaluation parameters for the
model’s analysis. After a limited number of alterations,
the model's accuracy surpassed 96%. Muramatsu et al
[44] developed a computerized method for classifying
and identifying teeth in dental panoramic views to
automate the systematic filing of dental records.
Furthermore, it served as a preliminary stage in
the process of image preparation that preceded the
computerized evaluation of dental diseases. The
fourfold cross-validation method was applied to the
development and assessment of a system for object
detection utilizing a total of one hundred panoramic
dental scans. After the identification of bounding
frames, a classification system was implemented to
classify them into one of four dental types—molars,
premolars, incisors, and canines—and three dental
nations—completely restored, partially restored, non-
metal restored, and fully restored.In consideration

of the visualization outcome, a CNN's double initial
stages were constructed using a variety of image data
of various sizes.

Muresan et al[45] developed an innovative ap-
proach to classify dental issues and autonomously
identify teeth utilizing panoramic X-rays. The primary
objective of their approach was to aid healthcare
providers in making informed decisions regarding the
most suitable course of treatment. To elucidate four-
teen distinct dental issues that may appear, panoramic
radiographs were acquired from three distinct dental
treatments, documented, and interpreted as part of
their research. In the initial stages of training a CNN
to acquire information about semantic segmentation,
the data was supplemented with annotations.

Subsequently, a variety of image processing
techniques were implemented to further refine and
separate the bounding frames associated with the
dental identifications. Ultimately, a unique identifier
was assigned to each dental incident, and the affecting
issue was determined employing a histogram-based
vote of the majority method within the identified zone
of concern. The prediction model proposed by Kang et
al[46] for dental caries was the DCP, which comprises
three components: data acquisition, data prepos-
sessing, and the estimation model. Predicting the
presence or missing cavities in children, the proposed
DCP model, which consists of ML and DL models, uti-
lizes features extracted from the preprocessed data
acquired from the survey. Age, region, gender, and
other characteristics are included in a labelled dataset
comprising 22,287 samples. Their performance was
assessed using accuracy, F1-score, precision, and
recall when combined with several ML algorithms that
were applied to this data. In comparison to other ML
approaches, random forest has demonstrated the
maximum level of performance, attaining an F1-score
of 90%, accuracy of 92%, precision of 94%, and recall
of 87%.

The MMDCP (Multi-Modal Dental Caries Prediction)
approach, as proposed by Ngnamsie Njimbouom et
al [47], comprises three distinct phases: collecting
data, preprocessing of data, and the prediction mod-
ule. Multiple sources contributed to the multimodal
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dataset utilized by the model. After the initial phase,
where the two datasets have been processed inde-
pendently, a combination of algorithms (DenseNet201
and ANN) was applied to the preprocessed data. To
gain observations from the cross-modality combined
heterogeneous characteristics present in the dataset,
the two neural networks were combined. The perfor-
mance of the proposed predictor approach, which
was built utilizing multi-modal data, was extremely
encouraging, achieving 89% F1-score, 90% recall, 90%
accuracy, and 89% precision. A CNN proposed by Lian
et al. citeplian2021deep, known as nnU-Net, used
to identify cavities lesions. To classify the lesions
based on their depths (specifically, dentin spots in
the outside, center, or inside part D1/2/3 of dentin),
DenseNet121 was implemented.

The assessment of 1160 tooth panoramic images
was conducted by three dental professionals. Circular
marks were used to indicate all caries lesions in the ra-
diographs; the combination of these marks served as
the reference dataset. Subsequently, a validation and
training set (1071) and a test set (89) were derived from
the initial set. Six expert dental professionals' evalua-
tions were utilized to evaluate the efficacy of the test
data in the trained nnU-Net and DenseNet121 meth-
ods with the metrics of Dice coefficient, intersection
over union (loU), precision, negative predictive value
(NPV), accuracy, recall, and F1-score.

3 Materials and Methods

This section provides an in-depth description of each
phase that has been performed. The collection of data
is the first step in the procedure, and then the Border-
line (BL-SMOTE) technique is applied in the next phase.
In the third phase, the experimental methodology em-
ployed to assess the performance of EfficientNet mod-
els is provided.

3.1 Dataset Description

Dental panoramic X-rays were taken from the Nishtar
Institute of Dentistry, which resides in Multan, Pak-
istan. Within the private collection, there are a total of
549 images that depict patients who are afflicted with
dental disorders. Specifically, these are dental cavities,
fillings, and implants. Figure 1 depicts the number of

Samples in Imbalance Dataset

439

No. of Images

-22EBEEEEE

Figure 1. Distribution of classes in dental datasets before
up-sampling

dental disease samples that were divided up before
the upsampling and Figure 2 displays the samples of
dental disease images.

3.2 Applying BL-SMOTE to Balance Every

Class Sample

We implement the up-sampling procedure for tackling
the problem of unequal class distribution within the
dataset. Up-sampling is the method of including addi-
tional zero-valued data in between the initial samples
to improve the sampling rate. Using this method, we
employ an up-sampling technique named BL-SMOTE
for producing fusion examples for every class [49]. Em-
ploying this approach, an evaluation of the minority
classis the first step in the classification process. When
generating data that is synthetic, any minority analysis
is classified as noise and avoided if every neighbour
is part of the majority category. Furthermore, it repli-
cates just a small amount of border neighbourhoods
that are linked to both minority and majority samples.
Figure 3 illustrates the sample allocation after the im-
plementation of the BL-SMOTE approach.

3.3 Proposed Classification Method

One of the most significant dental issues is cavities in
the teeth, which are becoming more widespread in in-
dividuals of every age, including children. Patients with
dental cavities need to obtain treatment that is both
efficient and quick to decrease their level of suffering.
The infection caused by bacteria will grow and may re-
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Table 1. Recent research utilizing ML and DL Models to Diagnose Dental Diseases

Reference | Publication Year | Models Diagnostic Tech- | No. of Images | Accuracy
nique
[7] 2023 GBDT, RF, LR, SVM, | Dental Images 20,593 95.19%
LSTM
[35] 2023 CNN Panoramic Radio- 470 86.05%
graphs
[36] 2023 EfficientNet-BO Periapical Radio- 1,525 95.44%
graphs
[37] 2023 MobileNet-v2 Periapical Radio- 534 93%
graphs
[38] 2023 ResNet-50 and | Bitewing Radio- 2,758 75.00%
ResNet-152 graphs
[39] 2023 DCDNet Panoramic Radio- 504 75.93%
graphs
[41] 2023 EfficientNetBO, Panoramic Radio- 13,870 92%
DenseNet121, graphs
ResNet50
[42] 2023 Mask R-CNN Panoramic Radio- 2,702 92.49%
graphs
[43] 2022 YOLO-v4 and UNet Panoramic Radio- 640 77%
graphs
[40] 2022 NASNet, AlexNet, and | Panoramic Radio- 245 96.51%
CNN graphs
[46] 2022 Random Forest Dental Images 22,287 92%
[47] 2022 DenseNet201 Dental Images 22,371 90%
[44] 2021 CNN Panoramic Radio- 100 93.20%
graphs
[48] 2021 DenseNet121 Panoramic Radio- 1,160 95.70%
graphs
[45] 2021 CNN Panoramic Radio- 1,000 89%
graphs

sultintooth loss if treatment is not provided. Itis possi-
ble to prevent tooth loss as long as this condition is rec-
ognized and treated promptly. This study presents DL
models through the use of panoramic dental images
to identify between fillings, implants, and cavities. The
CNN-based EfficientNet BO-B7 [50] models were used
for the classification process and Figure 4 shows the
block diagram for this study.

The image dimension’s range is fixed at 150 x 150
pixels and the initial processing of the image collection

involved normalization. The values in the 0-1 range
have been adjusted to make the dataset easier for
the model to understand. Three distinct groups have
been created from the dental disease dataset: testing,
validation, and training. 80% of the dataset is used
as training data, 10% is employed for a testing pur-
pose, and 10% is used for validation. Subsequently,
a technique known as BL-SMOTE is implemented to
address the problem related to the uneven data set.
To equalize the dataset, this algorithm oversamples
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Figure 2. Sample Images of Dental Dataset

Samples After BL-SMOTE Technique

439 439 439

Figure 3. Distribution of classes in dental datasets after
up-sampling

the categories. A total of thirty epochs in all were
conducted with the experimental approach. After
completing every epoch, the EfficientNet models have
reached the required level of accuracy for validation
and training. The same hyper-parameters were used
to train EfficientNetB0-B7 models to identify the
optimal model. The “compound scaling” concept is the
foundation of the EfficientNet model. The concept of
compound scaling is based on scaling three primary
aspects of a neural network such as depth, width, and
resolution. The total amount of layers in the structure
is associated with depth scaling. Resolution scaling
entails changing the size of the input image, whereas
width scaling relates to the amount of channels in
every layer of the neural network. In EfficientNet,
inverted residual blocks and depth-wise separable

convolutions are used to create Mobile Inverted Bot-
tleneck (MBConv) layers. An essential component of
the EfficientNet architecture is the MBConv layer. With
a few modifications, it is designed using the inverted
residual blocks from MobileNetV2. The depth-wise
convolution in the MBConv layer is the first step, and it
is subsequently followed by a point-wise convolution
(1x1) that increases the number of channels and an
additional convolution (1x1) which decreases the
number of channels back to the initial value. The
bottleneck structure maintains the model's represen-
tational power high while allowing efficient learning
[50].

There are several versions of EfficientNet with
different scaling coefficients, including EfficientNet-BO,
EfficientNet-B1, EfficientNet-B2, EfficientNet-B3, and
so on. Users can choose the best model version
for their particular needs by considering the vari-
ous trade-offs among model size and accuracy that
each variant represents. However, there are 237
total layers in EfficientNet-BO and 813 total layers in
EfficientNet-B7, each of these layers is composed of
five modules. Any EfficientNet network starts with its
stem, which is the same for all eight models. After this,
there are seven blocks in each of them. As we proceed
from EfficientNetBO to EfficientNetB7, the number
of sub-blocks within these blocks also varies. The
only thing that separates these architectures is the
variation in the number of feature maps (channels),
which raises the total number of parameters.

3.4 Model Evaluations

A confusion matrix was applied in this study to make
sure the model's effectiveness could be assessed. The
dataset was initially split into training and test samples
before the model was created. The test data was sub-
sequently utilized to verify the accuracy of the archi-
tecture. To determine the model's effectiveness, we
utilized several different measures. The following eval-
uation metrics (see Equations (1) - (8)) are frequently
used to determine how well the EfficientNet models
detect dental diseases:

TP+ TF
TP+ TN+ FP+FN

Accuracy = (M
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4 Results and Discussion

The results of this study, which were used to assess the
performance of the models, are explained in this sec-
tion and these models are included from EfficientNet-
BO to EfficientNet-B7. We will compare the models that
have been provided in this section.

Table 2. A list of the hyper-parameters that are used in the

EfficientNet Models

Hyper-parameter Type
Batch Size 32
Optimizer RMSprop
Learning Rate 0.001
Call back ReducelLROnPlateau
Epochs 30

4.1 Experimental Setup

A Windows 10 PC configured with an 11 GB NVIDIA
GPU and 32 GB RAM was employed to conduct the
research study. The EfficientNet models utilize x-ray
imaging data to identify three distinct types of dental
disease such as cavity, implant, and filling. Further-
more, the keras library has been used to implement
an EfficientNet classifier, and the Python language has
made it possible to implement approaches. Table 2
describes the hyper-parameters that are essential to
the EfficientNet model's performance.

4.2 Evaluation of EfficientNet Models

using Accuracy
To increase the number of samples for classes with
fewer images, the BL-SMOTE method is applied to the
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dataset. This eventually led to the expansion of the
data set from 549 samples to 1317 distinct instances,
as previously stated. Consequently, the problem of
unequal data distribution is resolved. The EfficientNet
Models, EfficientNet-BO, EfficientNet-B1, EfficientNet-
B2, EfficientNet-B3, EfficientNet-B4, EfficientNet-B5,
EfficientNet-B6, and EfficientNet-B7, obtained accu-
racies of 91.59%, 94.12%, 93.28%, 85.71%, 94.96%,
98.32%, 96.64%, and 90.76%, respectively, based on
the results shown in Table 3. Figure 5 illustrates the
substantial enhancement that the EfficientNet-B5
model achieved in comparison to EfficientNet BO-B1-
B2-B3-B4-B6-B7. The EfficientNet-B5 model has been
appropriately trained and operates well on the test
dataset, even though the model's poor accuracy at
epoch 1 and improvement as epochs increase. Epochs
were plotted on the x-axis and accuracy was on the
y-axis of the accuracy graph.

4.3 Loss of the EfficientNet Models

A loss function evaluates the rate at which a neural
network predicts the training set of data by comparing
the desired and predicted value of the output. The
aim during training is to reduce this loss between the
target and expected outcomes. The term "categorical
cross-entropy" refers to a cross-entropy technique
that addresses a categorization problem involving
numerous classes by utilizing a loss function. Loss
functions are constructed to determine the degree of
estimates required to differentiate the actual value
from the expected one. The EfficientNet Models
such as EfficientNet-B0O, EfficientNet-B1, EfficientNet-
B2, EfficientNet-B3, EfficientNet-B4, EfficientNet-B5,
EfficientNet-B6, and EfficientNet-B7, obtained loss
values of 0.3996, 0.3705, 0.3592, 0.4231, 0.2645,
0.1364, 0.2037, and 0.2513, respectively, based on
the results shown in Figure 6, demonstrates that
the EfficientNet-B5 model's loss value is significantly
reduced as compared to that of the EfficientNet
BO-B1-B2-B3-B4-B6-B7 model.

4.4 Analysis of EfficientNet Models

Using ROC & ROC's Extension
A ROC is a plot that serves to illustrate the possible
connection between sensitivity and specificity for all

Madel Atcuracy

Figure 5. Accuracies of the EfficientNet Models; (a)
EfficientNet-BO, (b) EfficientNet-B1, (c) EfficientNet-B2, (d)
EfficientNet-B3, (e) EfficientNet-B4, (f) EfficientNet-B5, (g)

EfficientNet-B6, (h) EfficientNet-B7.

feasible thresholds for a set of experiments. The
experiment's sensitivity, which is represented on the
vertical axis of the ROC curve plot, correlates with its
specificity, which is represented on the horizontal axis
of the plot. While sensitivity shows how many positive
outcomes there are in a particular sample, 1-specificity
evaluates the quantity of false positives. The perfor-
mance of the binary or multi-classifier is the main
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Table 3. Comparative analysis of all EfficientNet Models (BO - B7)

Classifiers Precision | Accuracy | Recall AUC | F1-Score
EfficientNet-BO | 91.59% 91.59% | 91.59% | 97.78% | 91.59%
EfficientNet-B1 94.12% 94.12% 94.12% | 97.81% | 94.14%
EfficientNet-B2 | 93.28% 93.28% | 93.28% | 97.76% | 93.29%
EfficientNet-B3 86.84% 85.71% 83.19% | 94.65% | 85.19%
EfficientNet-B4 | 94.96% 94.96% | 94.96% | 98.28% | 94.76%
EfficientNet-B5 98.32% 98.32% 98.32% | 99.21% | 98.37%
EfficientNet-B6 | 96.64% 96.64% | 96.64% | 98.43% | 96.47%
EfficientNet-B7 90.76% 90.76% 90.76% | 97.85% | 90.20%

focus of the ROC analysis, which is additionally em-
ployed to assess the efficacy of the diagnostic tests. A
classifier's performance is estimated by employing the
area under the curve (AUC) of the ROC; an increased
AUC denotes a more efficient classifier. Based on the
results shown in Figure 7, the EfficientNet Models,
namely EfficientNet-BO, EfficientNet-B1, EfficientNet-
B2, EfficientNet-B3, EfficientNet-B4, EfficientNet-B5,
EfficientNet-B6, and EfficientNet-B7, obtained ROC
values of 98.12%, 96.85%, 98.12%, 96.86%, 97.73%,
98.53%,97.73%, and 96.39%, respectively. Figure 7
illustrates the substantial enhancement that the
EfficientNet-B5 model achieved compared to the
EfficientNet B0O-B1-B2-B3-B4-B6-B7 model. Using an
extension of the ROC curve, Figure 8 shows the perfor-
mance of EfficientNet models (B0-B7). Dental disease
can be classified into three categories: category 0
(cavity), category 1 (filling), and category 2 (implant).

4.5 Confusion Matrix of EfficientNet

Models

An algorithm for classifying data is defined through
the use of a confusion matrix. The performance of
a classification algorithm is summarized and rep-
resented using a confusion matrix. The confusion
matrix, which is produced by mapping the expected
results to the predicted results of an algorithm, pro-
vides a structured method for learning additional
information about a classification algorithm. The
substantial increase in efficiency that the EfficientNet-
B5 model attained compared to the EfficientNet
B0-B1-B2-B3-B4-B6-B7 model is depicted in Figure 9.

Furthermore, we employed the Grad-CAM heat-
map approach to generate a graphical depiction of
the results attained by the EfficientNet-B5 model. The
heat map’s main objective is to emphasize the portion
of the mouth that is important to the algorithm and
concentrate on it. A heat-map depiction is shown in
the Figure 10.

4.6 Using to Examine the EfficientNet

Models
We compare the EfficientNet-B5 model to previous
studies [15], [30], [32], [20], [51], [23], [24] in this
section of the paper Table 4 contains an in-depth
analysis of the EfficientNet-B5 model concerning
multiple performance factor assessments, including
accuracy, recall, and F1-score.

4.7 Discussion

The quality of life of people is significantly impacted by
their dental condition. Although it is associated with
everyday activities like talking, eating, and smiling,
it is thought to contribute to good health [54]. The
majority of young people and adults are influenced
by dental cavities, an extremely common chronically
harmful dental disease around the world. Acid erosion
is the primary cause of dental cavities, a disease that
may destroy the internal structure of teeth. Intraoral
bacteria generate the majority of the acid. As a result,
one of the most important tasks for dentists is to
prevent dental cavities. Moreover, the treatment of
cavities in teeth has frequently relied on early detec-
tion. In this study, the EfficientNets BO to B7 models
were compared to determine which one would work
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Table 4. Comparing the EfficientNet-B5 model with the existing SOTA.

Ref Year | Model Diagnostic Accuracy | Precision | F1-Score | Recall
Technique
[52] 2023 | CNN Periapical Radio- | 94.97% 91.6% 93.5% 95.6%
graphs
[35] 2023 | CNN Panoramic Ra-| 86.05% 89.41% - 50.67%
diographs
[37] 2023 | MobileNet-v2 Periapical Radio- | 93.00% 86.00% 89.00% | 89.00%
graphs
[7] 2023 | GBDT, RF, LR, | Dental Images 95.19% 95.84% 93.79% | 88.44%
SVM, LSTM
[41] 2023 | EfficientNetBO, Panoramic Ra-| 92.00% 96.32% 91.61% | 87.33%
DenseNet121, diographs
ResNet50
[53] 2022 | VGG, Resnet, | Panoramic Ra-| 93.58% - 92.76% | 93.91%
Xception diographs
[43] 2022 | YOLO-v4 & UNet | Panoramic Ra-| 77.00% 77.00% 77.00% | 77.00%
diographs
[44] 2021 | CNN Panoramic Ra- 93.2% - - 96.40%
diographs
[48] 2021 | DenseNet121 Panoramic Ra-| 95.7% 86.50% 89.10% | 91.80%
diographs
Proposed Model - EfficientNet-B5 Panoramic Ra-| 98.32% 98.32% 98.37% | 98.32%
diographs

best for the dental disease diagnosis. Subsequently,
a technique known as Borderline SMOTE (BL-SMOTE)
is implemented to address the problem related to
the uneven data set. To equalize the dataset, this
algorithm oversamples the categories.

Figure 1 depicts the number of dental disease
samples that were divided up before the up-sampling
and Figure 3 illustrates the sample allocation after
the implementation of the BL-SMOTE approach. For
periodontal therapy to become effective, Mao et
al. [52] proposed the image masking approach for
properly identifying periodontal diseases using pe-
riapical radiographs. Furthermore, their approach
used a combination of fine-tuning methodologies
and transfer learning to emphasize the ROI for the
subsequent CNN architecture training. They eliminate
the noise from the original image during the image
preparation stage. Their research offered several

preprocessing methods that considerably improved
the model's overall performance and segmentation
accuracy, including Gaussian high-pass filtering and
adaptive thresholding. Furthermore, an automated
procedure was created to help dentists recognize
furcation involvement through images, providing a
trustworthy and effective alternative for human eval-
uation. The trained CNN algorithm found teeth with
possible illnesses with high accuracy, especially when
they used the AlexNet and GooglLeNet architectures. A
fully automated technique for diagnosing caries by cat-
egorizing dental regions of interest using a panoramic
image was presented by Bui et al [53]. Their dataset
contains the raw radiographs of 95 different people.
Using a pre-trained DL model such as ResNet, VggNet,
or Xception, informative characteristics were obtained
from the teeth. A classification model, such as the
random forest, support vector machine, or k-nearest
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Figure 6. Loss values of the EfficientNet Models; (a)
EfficientNet-B0, (b) EfficientNet-B1, (c) EfficientNet-B2, (d)
EfficientNet-B3, (e) EfficientNet-B4, (f) EfficientNet-B5, (g)

EfficientNet-B6, (h) EfficientNet-B7.

neighbour, learnt each extracted feature. Each classi-
fier algorithm's prediction was regarded as a separate
opinion that added to the resultant evaluation that
was determined by a majority vote procedure. Their
suggested approach produced results with a 93.33%
specificity, 93.58% accuracy, and 93.91% sensitivity.
The results of the EfficientNet-B5 model are com-
pared in Table 4 to the most recent study that serves
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Figure 7. ROC values of the EfficientNet Models; (a)
EfficientNet-BO, (b) EfficientNet-B1, (c) EfficientNet-B2, (d)
EfficientNet-B3, (e) EfficientNet-B4, (f) EfficientNet-B5, (g)

EfficientNet-B6, (h) EfficientNet-B7.

as a SOTA. The EfficientNet Models, EfficientNet-
BO, EfficientNet-B1, EfficientNet-B2, EfficientNet-B3,
EfficientNet-B4, EfficientNet-B5, EfficientNet-B6,
and EfficientNet-B7, obtained accuracies of 91.59%,
94.11%, 93.28%, 85.71%, 94.96%, 98.32%, 96.64%, and
90.76%, respectively, based on the results shown in
Table 3.
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Figure 8. Extension of ROC values of the EfficientNet
Models; (a) EfficientNet-B0, (b) EfficientNet-B1, (c)
EfficientNet-B2, (d) EfficientNet-B3, (e) EfficientNet-B4, (f)
EfficientNet-B5, (g) EfficientNet-B6, (h) EfficientNet-B7.

5 Conclusion

Dental cavities analysis is one of the most often topics
for today’s dental healthcare research as a result of
its extreme severity and incredibly high prevalence.
Due to the substantial amount of cases, a rapid and
efficient method for testing is essential. Dentists can
identify dental diseases more quickly and correctly by
applying deep learning (DL) with dental X-ray images.
The X-ray images in this study have been divided into
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Figure 9. Confusion Matrix of the EfficientNet Models; (a)

EfficientNet-BO, (b) EfficientNet-B1, (c) EfficientNet-B2, (d)

EfficientNet-B3, (e) EfficientNet-B4, (f) EfficientNet-B5, (g)
EfficientNet-B6, (h) EfficientNet-B7

three groups: implants, fillings, and cavities. This study
evaluated the performance of all of the EfficientNet
variants (e.g., EfficientNets B0-B7) to determine which
one is the most effective model for detecting dental
disease. Additionally, we incorporated Borderline
SMOTE to fix the issue with the minority classes in the
dataset. The outcome was that the EfficientNet-B5
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Figure 10. Dental disease visualization with Grad-CAM

model performed more effectively compared to the
other EfficientNet models. The performance metrics
obtained by the EfficientNet-B5 model were: F1-score,
accuracy, AUC, recall, and precision; these values
were: 98.37%, 98.32%, 99.21%, 98.32%, and 98.32%,
respectively. EfficiencyNet-BO, EfficiencyNet-B1,
EfficiencyNet-B2, EfficiencyNet-B3, EfficiencyNet-B4,
EfficiencyNet-B6, and EfficiencyNet-B7 have accuracy
rates of 91.59%, 94.12%, 93.28%, 85.71%, 94.96%,
96.64%, and 90.76%, respectively. The findings reveal
that the EfficientNet-B5 model outperforms other
EfficientNet models, hence providing dentists and
other healthcare providers with substantial guidance
in the identification of dental issues.
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