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Abstract
Digital tools have greatly improved the detection and diagnosis of oral and dental disor-
ders like cancer and gum disease. Lip or oral cavity cancer is more likely to develop in 
those with potentially malignant oral disorders. A potentially malignant disorder (PMD) 
and debilitating condition of the oral mucosa, oral submucous fibrosis (OSMF), can have 
devastating effects on one’s quality of life. Incorporating deep learning into diagnosing 
conditions affecting the mouth and oral cavity is challenging. Mouth and Oral Diseases 
Classification using InceptionResNetV2 Method was established in the current study to 
identify diseases such as gangivostomatitis (Gum), canker sores (CaS), cold sores (CoS), 
oral lichen planus (OLP), oral thrush (OT), mouth cancer (MC), and oral cancer (OC). The 
new collection, termed "Mouth and Oral Diseases" (MOD), comprises seven distinct cat-
egories of data. Compared to state-of-the-art approaches, the proposed InceptionResNetV2 
model’s 99.51% accuracy is significantly higher.
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1  Introduction

When we grin, laugh, or pout, let’s put our jaws and teeth to good use. Sound creation, 
food, drink consumption, and the initiation of the digestive process include the mouth and 
its accompanying teeth [1]. Oral and dental disorders, such as oral and pharyngeal cancer, 
gum disease, tooth decay, and dental fluorosis, are on the rise [2]. The bacteria that cause 
a mouth infection might travel to other body parts. As a result, the body secretes a protein 
that raises blood pressure. The increased risk of blood clot formation and decreased oxygen 
and nutrition delivery to the heart increases the likelihood of a heart attack [3]. Heart dis-
ease is twice as likely in people with gum and teeth disorders [4]. Globally, oral and dental 
problems affect more people than other health issues. Damage to nutrient absorption can 
be caused by the loss of alveolar bone, teeth, edentulism, or masticatory dysfunction [5]. 
Chronic pain, disfiguring facial abnormalities, and even death can result from untreated 
oral diseases, making them a major threat to public health. Most systemic diseases (90%) 
first appear in the patient’s speech [4]. Researchers found that 91% of adults aged 20–64 
had at least one cavity, with 27% having damage severe enough to be permanent [6]. The 
WHO predicts that by 2022, about 3.5 billion individuals will have some form of the oral 
disorder. The ACS (American Cancer Society) forecasted that there will be 54,010 new 
cases of oral cancer in the US in 2021 [4]. Gum disease will affect over 80% of Americans 
by 2022 [7]. According to the ADAH (American Dental Hygienists’ Association), over 
80% of US residents will have experienced a cavity by age 17. Twenty-five percent of adult 
Americans are missing at least one tooth. Ninety percent of Americans know that preventa-
tive dental care is essential [4]. Approximately once every fifteen seconds, an American 
seeks medical attention for an issue related to their mouth or teeth. As of 2019, the dental 
implant market is anticipated to be worth US$5.1 billion. However, this number will rise to 
US$7.97 billion by 2024 [4].

Gingivitis and severe periodontitis can be diagnosed through the use of periodontal 
probing depth (PPD) measurements, the presence of bleeding during probing, and radio-
graphic evaluation of alveolar bone loss [8]. Because of the wide variety of probes, patients 
may experience discomfort or even agony during these operations [9, 10]. It requires con-
siderable time and energy to carry out such examinations. Although 72% of patients look-
ing for a new dentist rely on online reviews [4], many dentists still have the opportunity 
to improve their skillset. Of individuals between the ages of 20 and 64, 91% had at least 
one cavity, and 27% of adults had decay so severe that they lost a tooth [4]. Pakistan has 
a severe lack of dental care, with almost half the population never visiting a dentist [11]. 
To aid in diagnosing oral, dental, and related disorders accurately by medical profession-
als and patients, it is essential to create a state-of-the-art centralized system based on deep 
learning. This will lead to a historic low in the number of practicing dentists.

Computational diagnostics receive helpful assistance from the artificial intelligence 
subfield of machine learning (ML). Machine learning employs historical data to train 
algorithms and allows them to "infer" (make predictions about) data they have never seen 
before. Deep learning, a machine learning technology, has found applications in numerous 
fields [12–15]. The medical and agricultural industries, along with facial expression recog-
nition, intelligent equipment, and language translation are just a few examples. Applying 
deep learning via Convolutional Neural Networks (CNN) to medical image processing has 
led to significant advancements in the detection of skin cancer [16], breast cancer [17], and 
diabetic retinopathy [18]. When used with periapical radiographs, CNNs accurately iden-
tify periodontal bone loss, apical lesions, and caries lesions [19].
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The early detection and diagnosis of oral, dental, and mouth disorders are where the 
dental industry can profit from using machine learning techniques. These studies have 
limited applicability outside of a clinical setting because they rely on data collected from 
microscopic pictures of plaque [6], radiographic images [20], and fluorescence imaging 
[21]. Intraoral imaging is useful for the early diagnosis of periodontitis as well. While 
these studies provide useful information, they do have certain drawbacks, such as a bias 
towards people in more advanced stages of diseases such periodontitis [22]. Liu et  al. 
[23] developed the MASK R-CNN method after compiling information on dental caries, 
plaque, osteoporosis, and periodontal disease. Li et al. [24] use a deep learning approach 
to identify teeth such as incisors, canines, premolars, and molars. To detect white spots and 
fluorotic and other non-fluorotic lesions with an accuracy of 0.84, Askar et al. [25] com-
piled a dataset comprising 434 pictures. The sensitivity might be anything from 86 to 97%.

Many obstacles have been identified when using deep learning to diagnose oral and 
dental problems. Because previous studies had not concentrated on problems affecting the 
entire mouth simultaneously, deep learning approaches were not employed to diagnose 
CaS, CoS, Gum, MC, OC, OLP, and OT. CaS, CoS, Gum, MC, OC, OLP, and OT are all 
common mouth and oral ailments, yet no datasets exist. The third problem was the require-
ment to enhance the precision of the existing models. Our study’s primary goal was to 
address these deficiencies.

In this study, we propose the deep transfer learning model InceptionResNetV2 for the 
classification of CaS, CoS, Gum, MC, OC, OLP, and OT affecting the mouth and oral cav-
ity. When compared to previous models, the suggested InceptionResNetV2 achieves better 
results. CaS, CoS, Gum, MC, OC, OLP, and OT are all part of the self-created Mouth and 
Oral Disease (MOD) dataset used to train the InceptionResNetV2’s transfer learning archi-
tecture. The most important results of this study are:

1.	 Mouth and Oral Diseases Classification using the InceptionResNetV2 method to rec-
ognizes the CaS, CoS, Gum, MC, OC, OLP, and OT diseases.

2.	 The performance of the proposed method is enhanced in terms of accuracy than the 
existing models.

3.	 A new dataset of Mouth and Oral Diseases (MOD) such as CaS, CoS, Gum, MC, OC, 
OLP, and OT has been developed.

2 � Related work

Studies have been conducted on dental and oral problems, such as gingivitis, oral cancer, 
mouth cancer, dental caries, dental fluorosis, periodontitis, tooth damage, dental calculus, 
plaque, and tooth loss. Researchers recommended adopting MASK R-CNN methods for 
oral disease diagnosis using their dataset [23]. SqueezeNet (carious, hypo mineralized) was 
also proposed for detecting anomalies like white spots, fluorescence, and others. The accu-
racy was 87% [25] on 2781 annotated teeth.

Dental periapical radiographs are indicated for a variety of disorders, including car-
ies, the auditory brainstem response, and infusion-related responses [26]. This article uses 
panoramic dental X-rays to show how periodontitis can be automatically staged using a 
deep-learning hybrid approach. Using deep learning, the radiographic bone level (or CEJ 
level) was identified in 360-degree images of the entire hand. A unique hybrid framework 
was hypothesized to be able to automatically detect and categorize periodontal bone loss 
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in each tooth. This situation calls for the use of both traditional CAD processing and deep 
learning for detection [15].

Dental pathologies include radicular cysts, nasopalatine duct cysts, dentigerous cysts, 
odontogenic kera tocysts, ameloblastomas, glandular odontogenic cysts, myxomas myxo 
fibromas, and adenomatoid odontogenic tumours can be identified with the help of a deep 
learning approach, as described in [31]. Using the periapical radiography dataset, molar 
and premolar detection (caries, restorative crowns) were suggested [20] using a deep CNN 
technique implemented in the Keras framework in Python. After training on a dataset, the 
authors constructed the proposed model to attain 91% accuracy. A faster R-CNN approach 
was developed to recognize teeth, such as upper right, upper left, lower left, and lower 
right, with an accuracy of 91% using self-generated dental X-ray pictures [32]. The overall 
accuracy of this approach was 82.8%.

The intraoral imaging data set was also made available, separating participants into 
those with and without inflammation. Models for both tooth recognition and inflamma-
tion detection were developed using ResNet-50. In a study [27] that compared 305 inflam-
matory photos to 499 non-inflammatory images, the accuracy of an inflammation rec-
ognition model was 77.12%. Dental restorations in panoramic X-rays were classified by 
Abdalla-Aslan et  al. [33] using the Cubic Support Vector Machine (SVM) method. Dif-
ferentiating between amalgam fillings (AF), composite fillings (CF), crowns (CRW), dental 
implants (DI), root canal treatments (RCT), and cores (CO) was successful 93.6% of the 
time, according to the study. The information in Table 1 allows us to draw the following 
conclusion.

3 � Proposed method

Millions of images are utilized for training transfer learning algorithms. Our studies pri-
marily utilized models based on transfer learning. These models are learned through trans-
fer learning. These models’ adaptability to new information results from an extensive train-
ing on a large corpus. The features gained from a larger dataset can be highly helpful when 
applied to an issue with a smaller dataset. Training a model from scratch is avoided more 
easily. The proposed procedure is shown in a flowchart format in Fig. 1.

3.1 � Mouth and Oral Disease (MOD) dataset

Access to a high-quality dataset is crucial to developing deep learning models. A new 
MOD dataset comprises images from dental clinics in Okara, Punjab, Pakistan, and other 
locations (dental websites, etc.). Table 2 summarizes the 517 samples that comprise the 
raw Mouth and Oral Disease (MOD) dataset. The total number of samples and a total num-
ber of labels for each category are also listed in the table. The collection includes class 
labels for seven mouth and oral cavity diseases, including canker sores, cold sores, gingiv-
ostomatitis, mouth cancer, oral cancer, oral lichen planus, and oral thrush. Before, during, 
or after the photo shoot, no one revealed their age, gender, or height. Expert dental practi-
tioners contributed to the labeling of the MOD dataset.

Due to the limited number of samples provided for each class label in the MOD dataset, 
classifying mouth and oral diseases is difficult. There are 62 samples of oral thrush, 78 
samples of canker sores, 79 samples of cold sores, 61 samples of gingivostomatitis, 93 
samples of oral lichen planus, and 90 samples of mouth cancer in this data collection. This 
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dataset can be used to train and test deep learning models for automatic oral disease diag-
nosis and categorization. Each class of MOD dataset is shown in Fig. 2. MOD dataset can 
be accessed from https://​drive.​google.​com/​drive/​folde​rs/​1k24V​Ovece​yqqYS​4oaBR​0iWLi​
DpsDE​Uk6?​usp=​drive_​link.

3.2 � Image resizing

The MOD dataset is expanded in Python to a size of 224 by 224. This will drastically 
reduce the processing time at the expense of the model’s accuracy.

Fig. 1   The flowchart of the 
proposed method

Table 2   Description of the MOD 
dataset (without applying data 
augmentation)

Class labels Images

Canker sores 78
Cold sores 79
Gingivostomatitis 61
Mouth cancer 90
Oral cancer 54
Oral lichen planus 93
Oral thrush 62
Total samples 517

https://drive.google.com/drive/folders/1k24VOveceyqqYS4oaBR0iWLiDpsDEUk6?usp=drive_link
https://drive.google.com/drive/folders/1k24VOveceyqqYS4oaBR0iWLiDpsDEUk6?usp=drive_link
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3.3 � Data augmentation

To prevent over-fitting and expand the training set’s variety, we used the picture data 
generator function from the Keras package in Python. The computer’s performance 
would improve if the variation in pixel values were reduced. By default, the parameter 
value (1./255) restricts pixel values to the range [0,1]. The photos were flipped to a tar-
get orientation of 25 degrees. With a width shift value of 0.1, the width shift range trans-
formation allows for arbitrary right and left image rotation. Training images were verti-
cally moved by 0.1 to either the top or bottom. Using a shear angle of 0.2, we achieved 
the desired result of preserving one image axis while lengthening the other. This was 
achieved by randomly increasing or decreasing the image size by using the zoom range 
parameter. A horizontal image was made vertically by using the flip command. We used 
a brightness transformation with settings ranging from 0.5 to 1.0 (where 0.0 means no 
brightness and 1.0 means maximum brightness) to get the results we wanted. To achieve 
this effect, we applied a channel shift of 0.05 points and choose the fill mode that came 
closest to the source material. The channel values undergo a transformation by a random 
number chosen from a predetermined range; hence the term "channel shift transforma-
tion." Many methods for bettering data are included in Table 3.

Fig. 2   a CaS, b CoS, c Gum, d MC, e OC, f OLP and g OT classes of MOD dataset

Table 3   Used data augmentation 
techniques

Transformations Setting

Scaling Ranged from 0 to 1
Rotation 25o
Zooming 0.2
Horizontal flipping True
Shear 20o
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3.4 � Dataset splitting

The entire MOD dataset was used to generate three distinct data sets: training, valida-
tion, and testing. InceptionResNetV2 was first trained on the training dataset, and then its 
accuracy and efficiency were determined using the validation and test datasets. We used 
a 60:20:20 split for our data, allocating 60% to training and 20% each to validation and 
testing. As can be shown in Table 4, 5143 images were trained, validated, and tested using 
the MOD dataset. CaS, CoS, Gum, MC, OC, OLP, and OT labels were used on 60% of 
the photos in this study’s model introduction. Another 40% of new images were used for 
testing and validation on the MOD dataset, with each stage receiving 20% of the total. The 
suggested InceptionResNetV2 method for classifying images of the mouth and oral disor-
ders produced highly accurate predictions for all of the dataset’s labels.

3.5 � Architecture of InceptionResNetV2 model transfer learning

Deep learning’s transfer learning technique has emerged as a potent tool for new jobs 
with insufficient labeled data. This research employs transfer learning in image clas-
sification tasks via the InceptionResNetV2 architecture. The InceptionResNetV2 model 
is accurate and efficient since it incorporates the best features of the Inception and 
ResNet architectures. In this study, we will go through the inner workings of Inception-
ResNetV2 [34] and show how to use it for transfer learning.

Table 4   MOD dataset splitting 
after applying data augmentation 
techniques

Split Classes Label samples Total samples

Training CaS 480
CoS 540
Gum 360
MC 540 3087
OC 324
OLP 540
OT 393

Validation CaS 160
CoS 149
Gum 120
MC 180 1028
OC 108
OLP 180
OT 131

Testing CaS 160
CoS 149
Gum 120
MC 180 1028
OC 108
OLP 180
OT 131
Total 5143
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Overview of InceptionResNetV2: The InceptionResNetV2 architecture from Google 
Research is a deep convolutional neural network (CNN). It builds on the foundations 
laid by the Inception and ResNet designs, taking their best ideas and making them 
even more powerful. Inception modules, residual connections, and network depth set 
apart InceptionResNetV2. Let us take a closer look at the structure’s foundational 
elements:
Inception Modules: InceptionResNetV2 comprises a collection of components known 
as "Inception modules." The model is built from parallel convolutional branches with 
varying filter sizes to capture details across various scales. These nodes use max 
pooling operations and convolutions of 1 × 1, 3 × 3, and 5 × 5 sizes. By combining the 
results of these forks, the model can accurately capture details at both the regional 
and global levels. The equation for convolutional layer is as follows:

where Zl is the output of the convolutional layer, Wl is the filter weights, Al−1 is the input 
feature map from the previous layer, and bl is the bias term.
Residual Connections: ResNet-inspired residual connections are crucial for address-
ing the vanishing gradient problem and making deep neural network training pos-
sible. InceptionResNetV2 adds residual connections between inception modules to 
improve gradient flow during backpropagation. These associations help keep impor-
tant data intact and make it easier to train more complex networks.
Stem Block: The stem block is the primary gateway to the network. It comprises a 
series of convolutional and pooling layers that carry out the task of downsampling 
and initial feature extraction. By reducing the input’s spatial dimensions, the stem 
block facilitates the model’s ability to capture low-level information.
Reduction Blocks: InceptionResNetV2 has reduction blocks built strategically to 
scale back the spatial dimensions and add more channels. Convolutional layers fol-
lowed by strides and max pooling processes usually make up these reduction blocks. 
They lessen the model’s computing burden while allowing it to capture higher-level 
information.
Auxiliary Classifiers: InceptionResNetV2 includes auxiliary classifiers at intermediate 
nodes to enhance training and regularization. By allowing gradients to be propagated 
from various depths, these auxiliary classifiers help the model acquire more resilient 
and informative representations during training.
Global Average Pooling and Classification: A global average pooling layer transforms 
the feature maps into a fixed-length vector before classification. The final classification 
probabilities are generated by linking this vector to a fully connected layer using soft-
max activation. Spatial invariance is provided via global average pooling, and the num-
ber of parameters is reduced, improving the model’s efficiency. Find the median of the 
values in each channel: Each channel’s average value (c) can be calculated by adding up 
all the values in that channel and then dividing by the total number of places within that 
channel (H × W):

Zl = Wl ∗ Al−1 + bl

Al = ReLU(Zl)

avg(c) =

H
∑

x=1

W
∑

y=1

f (x, y, c)

H ×W
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The value of the feature map at coordinates (x, y) in channel c is denoted as f (x, y, c). 
An image’s global context is represented as a one by one by C tensor after being pro-
cessed using a global average pooling technique.
Transfer Learning with InceptionResNetV2: In InceptionResNetV2, the pre-trained 
model’s weights are used to fine-tune the model on a new dataset, a process known as 
transfer learning. To use the learned representations from the pre-training, we can freeze 
the early layers and train only the last few levels or extra classifier layers to boost perfor-
mance on the new task. This method shines when only a small amount of labeled data 
is available.

The InceptionResNetV2 architecture is cutting-edge because it takes the best features 
of both the Inception and ResNet models. It excels at picture categorization thanks to its 
inception modules, residual connections, and deep structure. Developers and research-
ers can save time and resources on image classification projects by taking advantage of 
transfer learning using InceptionResNetV2. It allows them to make use of pre-trained 
models to get excellent results. With InceptionResNetV2, researchers have shown that 
transfer learning may improve performance on various computer vision applications, 
including object detection, semantic segmentation, and medical image analysis. Using 
transfer learning with InceptionResNetV2, Wang et al. [35] successfully detected lung 
nodules in CT scans with an accuracy of 97.5%. Ronneberger et al. [36] also achieved 
state-of-the-art performance in semantic segmentation of biomedical pictures using 
transfer learning with InceptionResNetV2. In conclusion, using InceptionResNetV2 
for transfer learning is a potent strategy for computer vision tasks, and its success has 
prompted the creation of other transfer learning systems based on other pre-trained 
models. Figure 3 presents the bare bones of the InceptionResNetV2 structure.

3.6 � Evaluation metrics

This research uses classification accuracy, precision, recall, f1 score, error, and ROC 
curve as evaluation measures. These measures are used to evaluate the performance of 
the proposed method.

Fig. 3   Architecture of Inception-
ResNetV2 model
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4 � Results and discussion

To train and test the suggested models, we used a Google Colab [35] Pro account equipped 
with powerful Graphical Processing Units (GPUs) requiring no configuration. For this 
purpose, we employed a transfer deep learning model. The Categorical Cross entropy loss 
function was employed during model creation, and the Adam optimizer was used in all 
trials with the proposed technique at a learning rate of 0.0001. The proposed Inception-
ResNetV2 used early stopping criteria with the lowest val_loss, and the best val_accuray 
was used as a saving option; batch size with 4 and 50 epochs was chosen to conduct all the 
experiments. The proposed method’s performance was evaluated on the following:

•	 Mouth and Oral Disease Classification with a Deep Learning Model (Inception-
ResNetV2) was observed using MOD dataset to assess its efficacy.

•	 The experiments were conducted with and without data augmentation to compare the 
performances for the ablation study of model.

•	 The comparison analysis was performed of the proposed model with existing studies.

4.1 � The performance analysis of the proposed mouth and oral disease classification 
using InceptionResNetV2 method

The proposed Mouth and Oral Disease Classification utilizing the InceptionResNetV2 
method performance was evaluated. In Fig.  4, we can see the loss and accuracy of the 
InceptionResNetV2 model throughout training and validation. Over time, the proposed 
model’s training accuracy went from 96.20 to 99.01%. As an alternative, Inception-
ResNetV2’s model achieved 70.48% validation accuracy after the first epoch and 95.25% 
accuracy after the last epoch. The loss in training went down from 0.21 to 0.01 after the 
last epoch, while the loss in validation went down from 1.22 to 0.15.

The proposed InceptionResNetV2 model’s accuracy, precision, recall, and F1 score 
across a variety of classes are detailed in Table 5. Oral cancer (OC), canker sores (CaS), 

Fig. 4   The proposed InceptionResNetV2 base model: a accuracy b loss graph
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cold sores (CoS), gangivostomatitis (Gum), mouth cancer (MC), oral lichen planus (OLP), 
and oral thrush (OT) are the categories.

The model attained 100% precision, recall, F1 score, and accuracy for the OC, CaS, 
CoS, Gum, MC, and OT classes. In other words, the model correctly identified and classi-
fied all cases as belonging to their respective classes.

The model achieved a precision of 100% in the OLP class, indicating that it correctly 
identified instances of Oral Lichen Planus with a high degree of accuracy. The model 
had a low number of false negatives or cases of OLP that were incorrectly recognized, as 
indicated by the recall and F1 score of 98%. The OLP class achieved a total accuracy of 
98.33%. The suggested InceptionResNetV2 model was generally effective in correctly cat-
egorizing oral health issues, with an average accuracy across all classes of 99.51 percent.

These findings demonstrate the InceptionResNetV2 model’s superior ability to correctly 
diagnose various oral health issues, as evidenced by its high accuracy, precision, recall, and 
F1 score. The results show that the model has promise for facilitating the diagnosis and 
treatment of oral disorders, which can lead to better patient care and outcomes.

Figure 5 displays the confusion matrix of the proposed InceptionResNetV2 model on 
the test set, showcasing the results of applying data augmentation techniques. The matrix 
illustrates the predicted and actual labels for each class in the classification task. The 
classes represented in the confusion matrix are Oral cancer (OC), canker sores (CaS), cold 
sores (CoS), gangivostomatitis (Gum), mouth cancer (MC), oral lichen planus (OLP), and 
oral thrush (OT). The values in the confusion matrix indicate the number of instances that 
were predicted to belong to a particular class, with the actual class labels represented by 
the rows and the predicted class labels represented by the columns.

For instance, looking at the first row, it can be observed that 160 instances that belong 
to the OT class were correctly predicted as OT, on to the second row, where all 149 OLP 
predictions were spot on.

Similarly, all 120 instances were correctly predicted for the OC class, as indicated by 
the diagonal element in the third row. The MC class also had accurate predictions for 179 
instances, except for a single instance misclassified as GUM.

In the case of the GUM class, 107 instances were correctly predicted, with only one 
instance misclassified as MC. The CoS class had 177 instances correctly predicted, but 
three instances were misclassified as CaS.

Finally, all 131 instances of the CaS class were correctly predicted, as shown in the last 
column.

The InceptionResNetV2 model’s ROC curve graph before any data augmentation 
is applied is shown in Fig.  6. Oral cancer (OC), canker sores (CaS), cold sores (CoS), 

Table 5   Precision, recall, f1 
score, and accuracy of the 
proposed InceptionResNetV2 
model

Class Precision Recall F1 Score Accuracy

OC 100% 100% 100% 100%
CaS 100% 100% 100% 100%
CoS 100% 100% 100% 100%
Gum 99% 99% 99% 100%
MC 99% 99% 99% 100%
OLP 100% 98% 98% 98.33%
OT 98% 100% 99% 100%
Average Accuracy 99.51%
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gangivostomatitis (Gum), mouth cancer (MC), oral lichen planus (OLP), and oral thrush 
(OT) are the classes being used to evaluate the model’s ability to distinguish between the 
classes.

The ROC curve shows how different categorization thresholds affect the True Positive 
Rate (Sensitivity) and False Positive Rate (1—Specificity). The curve’s points stand for 
different threshold values.

Area Under the Curve (AUC) is supplied as a performance measure, and the graph 
depicts each class individually. The AUC measures the classification accuracy of a model 

Fig. 5   The confusion matrix of 
the proposed InceptionResNetV2 
model

Fig. 6   The proposed InceptionResNetV2 model ROC graph on test set
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and can take on values between 0 and 1. Better discriminating power can be inferred from 
a greater AUC.

In the graph depicting AUC values for each class, it is clear that all classes, except GUM 
and CoS, attained an AUC of 100%. The model maximized classification accuracy for OT, 
OLP, OC, MC, and CaS.

For the GUM category, the model only managed a 99% AUC. The model had a some-
what lower discriminatory power than the other classes but could still distinguish between 
positive and negative occurrences of Gum Disease efficiently.

A similar 99% AUC was also reached by the CoS class, suggesting a strong level of 
discrimination.

The ROC curve and AUC values show that the InceptionResNetV2 model correctly cat-
egorizes most oral health issues without the need for further training data. The strong AUC 
values indicate the model’s discriminatory power, suggesting it could be useful in various 
diagnosis and classification applications.

All the performance measures indicate that the proposed InceptionResNetV2 model 
achieved exceptional results when applying data augmentation techniques to the training 
set.

4.2 � The comparison of the proposed model using and without using data 
augmentation techniques

The proposed InceptionResNetV2 model’s performance on the test set with and without 
data augmentation strategies is compared in Table 6. Precision, recall, F1 score, and class-
specific accuracy are evaluation metrics used to assess performance.

Table 6   Comparison of the 
proposed inceptionresnetv2 
model’s results on the test set 
when using and not using data 
augmentation techniques

Performance 
measures

Precision Recall F1 Score Accuracy

Using Data Augmentation Techniques
 OC 100% 100% 100% 100%
 CaS 100% 100% 100% 100%
 CoS 100% 100% 100% 100%
 Gum 99% 99% 99% 100%
 MC 99% 99% 99% 100%
 OLP 100% 98% 98% 98.33%
 OT 98% 100% 99% 100%

Average Accuracy 99.51%
Without Using Data Augmentation Techniques
 OC 62% 83% 71% 83.33%
 CaS 64% 88% 74% 87.5%
 CoS 100% 100% 100% 100%
 Gum 78% 100% 88% 100%
 MC 100% 67% 80% 66.67%
 OLP 75% 30% 43% 30%
 OT 50% 67% 57% 66.67%

Average Accuracy 74.07%
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The model performed exceptionally well across all classes once data augmentation 
approaches were implemented. For the OC, CaS, and CoS courses, all measures of cor-
rectness were 100%, including precision, recall, F1 score, and accuracy. The Gum and MC 
groups hit 99% accuracy, 99% recall, and 99% in F1 score. The OLP category displayed 
significantly lower values than the other categories, with 100% precision, 98% recall, 98% 
F1 score, and 98.33% accuracy. Accuracy, recall, F1 score, and precision all came in at 
100% for the OT category. Using data augmentation approaches, the model achieved an 
average accuracy of 99.51 percent.

In contrast, the model’s performance was considerably worse when not supplemented 
with additional data. Different groups had varying precision, recall, F1, and accuracy rat-
ings. The OC group hit an accuracy of 83.33 percent, a recall of 62 percent, an F1 score 
of 71 percent, and a precision of 62 percent. CaS also improved its accuracy to 87.5%, 
recall to 88%, F1 score to 74%, and precision to 64%. CoS consistently scored 100% on all 
parameters, demonstrating its superior performance. The F1 score for the Gum class was 
88%, and they were 100% accurate, with a recall rate of 78% and a precision rate of 100%. 
The MC group hit an F1 score of 80%, 100% precision, 67% recall, and 100% accuracy. 
The F1 score for the OLP group was 43%, and its precision and recall were both 30%. 
When all was said and done, the OT group had an accuracy rate of 66.67%, a recall rate of 
67%, an F1 score of 57%, and a precision rate of 50%. Without any more data, the average 
accuracy was determined to be 74.07%.

The comparison reveals how much of an effect data augmentation approaches have on 
the model’s efficiency. The model maintained high levels of accuracy, precision, recall, and 
F1 score across all classes when data augmentation was used. The model’s performance, 
however, was highly variable without data augmentation, with large drops in accuracy and 
other metrics across several classes.

When applied to the problem of oral health condition classification using the Inception-
ResNetV2 architecture, our findings highlight the significance of data augmentation strate-
gies in improving deep learning models’ performance and generalization capabilities. This 
data suggests that overfitting occurred when the recommended InceptionResNetV2 method 
was utilized for training and testing with fewer data.

4.3 � Comparison with state‑of‑the‑art studies

Table 7 compares the proposed InceptionResNetV2 model with the state-of-the-art mouth 
and oral disease classification models. A CNN-based approach to periodontal diseases 
employing a dental calculus database is described by Park et al. [38], which was published 
in 2023. The approach has been claimed to have a 95% success rate. In 2023, Gomes et al. 
[39] presented a CNN-based method for categorizing Papule/nodu, Vacule/spot, Vesicle/
bullous, Erosion, Ulcer, and Plaque diseases. The technique uses a custom-built data-
base to get a 95.09% success rate. Singha et al. [40] offer an ensemble method combin-
ing ResNet50 and DenseNet201 models to diagnose lung, breast, oral, and other medical 
disorders. The technique is applied to the problem of oral cancer, and it shows an accuracy 
of 92%. The classification of dental wear, periapical conditions, periodontitis, tooth decay, 
missing teeth, and impacted teeth using EfficientNetB0 is shown by Jaiswal et  al. [41]. 
The method utilizes a custom-built database to produce a 93.2% success rate. Classifica-
tion tasks involving oral health issues or dental radiographs are addressed in a wide range 
of studies [25, 27, 28, 33, 37, 42, 43] published between 2019 and 2021. These studies 
employ diverse architectures, including ResNet50, SqueezeNet, and Deep CNN. Accuracy 
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claims for these approaches range from 71.43% to 96%; they are applied to various diseases 
and use databases and custom-built datasets. The proposed InceptionResNetV2 model is 
specifically developed for classifying CaS, CoS, Gum, MC, OC, OLP, and OT in the con-
text of MOD. The proposed model was reported to have a test set accuracy of 99.51%.

Table 7 depicts that the proposed InceptionResNetV2 model fares against the state-of-
the-art models. It demonstrates the superior performance of the proposed model above 
many other existing methods in the area, demonstrating its high accuracy in identifying 
diverse oral health issues. These findings highlight the success of the proposed model and 
its potential for furthering disease classification in the field of oral health.

5 � Conclusion and future work

In conclusion, it is heartening to see that deep learning models successfully detect CaS, 
CoS, Gum, MC, OC, OLP, and OT. With such a limited sample size for training and test-
ing, it’s no surprise that some models perform poorly in instability. The Mouth and Oral 
Disorders (MOD) dataset was developed to address this issue and is split into seven subcat-
egories. Compared to other models, the 99.51% accuracy of our novel InceptionResNetV2 
technique for diagnosing mouth and oral disorders is significantly higher. A wide variety 
of data augmentation techniques were employed to further improve accuracy. Suppose we 
want to improve our ability to detect and diagnose oral and dental disorders early on. In 
that case, future research should widen the scope to cover additional diseases on a wider 
and more generalizable dataset.
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