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Abstract

Oral squamous cell carcinoma (OSCC), the most widespread type of oral cancer, necessitates prompt biopsy
evaluation in order to increase patient survival rates. However, healthcare professionals frequently disagree
on subtle cell changes when performing standard histological (H&E)-stained slide evaluations. To overcome
this issue, we developed a convolutional neural network (CNN) classifier using EfficientNetB3 pre-trained
weights to classify oral samples as either normal or cancerous with high reliability. We created a composite
image collection by combining publicly available images into a 5,192-image dataset that was randomly
divided into 70%/15%/15% (3,634 training/779 validation/779 test) images, cropped to 224x224 pixels,
normalized, and augmented (flipped) to create a robust training set. Our classifier was built upon the core of
EfficientNetB3, adding a batch normalization, and using Adamax optimization for 100 epochs. The final
performance of the classifier on unseen test image data was 98.33% accuracy and a balanced
precision/recall/F1 score of 98% for each class (as shown by the confusion matrix) indicating the classifier is
ready for clinical use in providing consistent second opinion results to help extend the capacity of pathologists
in heavily burdened hospitals in India.

Keywords: OSCC, histopathology slides, EfficientNetB3 CNN, transfer learning, medical image sorting,
data augmentation, Adamax training.

1. Introduction

Oral cancer is one of the biggest health threats
globally; it is particularly common in areas where
people smoke and are diagnosed with oral cancer late
[1] and [3]. When patients are diagnosed with oral
malignant tumors, the most common form of
diagnosis occurs in patients with oral squamous cell
carcinoma (OSCC). If there is an ability to diagnose
early enough, there are significantly higher chances
of survival according to studies [5]. The most reliable
method for diagnosing oral cancer is through the
histopathological examination of biopsy samples.
Pathologists evaluate the shape and structure of
tissues and nuclei under a microscope to make a
diagnosis. Even though this method of diagnosing
oral cancers is very reliable, it requires specific skill
sets, takes time, and may result in different
interpretations of diagnosis among pathologists [7]
and [31]. Over the past few years, artificial
intelligence has dramatically changed how medical
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imaging is interpreted. In particular, deep learning
techniques (especially CNNs) are able to learn how
to recognize meaningful visual features from raw
image data without having to use manual techniques
[9],[10]. CNNs have also successfully completed
applications in medical fields, such as detecting skin
lesions and screening for lung cancer, suggesting that
there is great potential for them to be used in digital
pathology [17], [18], and [22]. Limited availability of
annotated medical data sets has led to the use of
transfer learning to enhance model accuracy in
several medical imaging applications. A network can
be adapted to a particular clinical dilemma rather than
training the model from scratch, using a pre-trained
model. EfficientNet is an updated CNN architecture
that improves predictive accuracy through
coordinated depth, width, and resolution scaling.
Utilising these features, this study creates a
convolutional ~ neural  network  based on
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EfficientNetB3 to differentiate between normal and
malignant oral histopathological images.
2. Related Work
There has been a gradual shift from manual diagnosis
of oral cancer to the use of automated computer-
based diagnostic systems through research into the
detection of oral cancers. Historically, the diagnosis
has been based on the evaluation of tissue samples by
expert pathologists through microscopy this
represents the best method for diagnosing cancer and
is known as the “gold standard.” The drawbacks of
this method include time considerations

2.1 Conventional Machine

Approaches

The first computational techniques for identifying
oral cancer used hand-crafted visual descriptors to
analyse microscopy images. Feature extraction from
the images was often accomplished using texture,
colour histograms, and structural features with
classifiers. Although these technologies have shown
moderate success in correctly classifying cancerous
VS non-cancerous tissue, their reliance on hand-
crafted feature extraction means that their
performance was significantly impacted by how
effectively their features were engineered. Given the
complexity of the morphologies exhibited by
cancerous tissues (and how different they can
appear), there is no guarantee that hand-crafted visual
descriptors would account for variability in the
underlying morphology; thus, when presented with
changes in the following conditions, the performance
of these systems would commonly reduce: staining
intensity, magnification and/or illumination [9].

2.2 Deep Learning in Medical Imaging
CNNs represented a paradigm shift in the way images
were analysed, as they learned hierarchical
abstractions from unprocessed input images rather
than developing features manually [10], [11]. ResNet
[12] and DenseNet [15] architectures allowed for the
creation of much deeper networks while avoiding
instability when training the network. Deep Learning
models have also been applied to medical problems
and have performed very well across a wide variety
of diagnostic tasks, including: classifying skin lesions
[17], detecting lung cancer [18], and analyzing
histopathological tumours [22], [30]. They are also

Learning
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capable of detecting abnormalities in soft tissue that
may not be measurable by traditional means.

2.3 CNN-Based Oral Cancer Detection
The use of CNN architecture for detecting oral cancer
has been extensively studied by many researchers.
Aubreville et al. [23] showed successful automated
identification of glandular malignancy using deep
neural network algorithms on pixel-level images of
histopathology. Similarly, Das et al. [24] showed
much improved classification performance using
CNN-based methods compared to other traditional
feature-based methods. Jubair et al. [26] further
emphasized how transfer learning is important to
improving classification performance when used for
OSCC detection. While there have been some
promising results, a few limitations remain. The data
used for these studies may have limited size and/or
did not include balanced partitions of the datasets
which may impact the models’ generalizability [35].

2.4 Transfer  Learning  and Efficient

Architectures

Prior to developing a new training process for deep
networks, the original process of using an excessive
number of relevant examples is not appropriate
within the context of using data for medical imaging
diagnosis and treatment. Transfer learning is the
concept of transferring knowledge from a source
domain to the application domain so that it can be
fine-tuned for different medical applications.
Additionally, EfficientNet has redefined the
compound scaling approach by balancing depth,
width, and resolution within a single network
architecture, while providing higher classification
accuracy with less parameters compared to previous
methods.

2.5 Research Gap and Motivation
Studies have previously demonstrated that models
based on CNNs are able to effectively identify oral
cancers; however, there are still a number of
obstacles that need to be resolved. For example,
various past studies did not use a balanced data set
split which can negatively affect the quality of the
resulting models. In addition, some studies did not
properly assess the performance of their models using
valid metrics (e.g., precision, recall, F1 score, and
confusion matrix analysis) [44].
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3. Method
In this section, the complete methodology for
detecting cancerous lesions in oral cancers utilizing a
CNN will be detailed. This raw information is from
previous works [9] and [32] that are based on
traditional medical imaging and are established by
using opening/closing sequences on full-size color
composite images.

3.1 Dataset Preparation
There were 5,192 images of histological samples in
the test data set, which is divided into two categories:
OSCC and control/healthy tissue. The original
histopathological dataset contained unbalanced
validation and testing data distributions. To ensure
accurate performance measurement, the distribution
of all images before consolidation was modified,
redistributing images into three equal groups (70%
for training, 15% for validation, and 15% for testing).
The distribution of images effectively preserves the
intended distribution. Balanced partitions of the
dataset are important to generate realistic
performance estimates and closer to reducing
overfitting[37].

DATA AUCMENTATION

[ Inception V3

Binary Classi

Evaluation Metrics

Figure 1 Dataset Preprocessing, Augmentation,
And Training Workflow

3.2 Data Preprocessing and Augmentation

To ensure EfficientNetB3 input specifications [13]
are adhered to, all images have been resized to 224 x
224 pixels before processing; in addition, RGB
normalization has been applied during Preprocessing.
To improve the strength of the model, horizontal
flipping augmentation was used on the training data.
Research shows that the use of data augmentations
enables the generalisation of CNN-based systems
[37].[38].
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3.3 Model Architecture
The Considerations of Transfer Learning (TL) and
EfficientNetB3 Backbone. In this study, a transfer
learning (TL) framework utilizing EfficientNetB3 as
the backend network was created and the pre-trained
efficiencies provide great initialisation points for
extraction features to build a powerful model.
The components of the Architecture are as follows:

o EfficientNetB3 base layers

e Batch Normalisation Layer [41]

e Fully Connected Dense layer (256 Neurons,

ReLU activation)
e Dropout Layer (rate of 0.45)
e Softmax output layer (binary).
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Figure 2 Proposed CNN-Based Architecture for
Oral Cancer Classification

3.4 Model Training
Training was completed on this model (the neural
network) with 100 epochs being completed.
Performance for both the training and validation sets
was continually monitored during this process; early
stopping was used to ensure that training did not
continue after the validation loss had stabilized,
preventing overtraining from occurring based off
metric of the validation set [43]. Regularization
techniques including: (1) dropout; and (2) batch
normalization helped achieve a stable convergence
[41].

3.5 Performance Evaluation
The evaluation of the model was conducted after the
completion of training. The model's performance was
reported through the evaluation of different
metricsWhile accuracy shows overall performance,
precision and recall show performance of each class
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separately [44], [45]. The confusion matrix assists
with the visualization of correct and incorrect
predictions and is commonly employed in analysing
the classification performance [44].
The model produced the following results:
e Training (In-Sample) Accuracy: 99.67%
e Validation  (Out-of-Sample)  Accuracy:
98.02%
e Testing (Unseen) Accuracy: 98.33%
The results demonstrate the model will perform
equivalently with training and unseen data thereby
providing a strong level of generalisation ability;
similarly, other studies have reported high level
performance  across deep learning  based
methodologies for histopathological classification
[22], [30].
3.6 Model Saving and Prediction
Weights of the model were captured after successful
training and will be used for future applications. A
predictive function was created to:
e Load an image containing histopathology
data
e Resize and preprocess the images
e Determine whether an image belongs to the
normal or OSCC class
This approach to deploying the models is consistent
with recent research in artificial intelligence (Al) that
suggests the development of practical deep learning-
based diagnostic systems [29], [49].
4. Results and Discussion
In this part of the paper we present how efficient the
new EfficientNetB3 framework performs compared
to other established deep learning frameworks that
have been documented in the literature on using deep
learning for medical image analysis [9],[32].
4.1 Training Performance
The training of the model to optimize parameters was
performed for a total of 100 epochs using the Adamax
algorithm. The loss function used for the purpose of
evaluating the classification performance between
predicted and actual class distributions was the
categorical cross-entropy function. During the
learning process, both training and validation
performance metrics were analysed throughout
learning to monitor convergence characteristics and
the possibility of over-fitting.
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The result of the training phase was a training
accuracy of 99.67% and a validation accuracy of
98.02%. The loss value associated with the training
set was 0.0357 and the loss value associated with the
validation set was 0.1317.

4.2 Test Performance
To evaluate generalization ability, the trained model
was tested on an independent test dataset.
The final test results were:

e Test Accuracy: 98.33%

e TestLoss: 0.1117

Predicted mouse: Normal
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Figure 3 Sample Prediction Result for Normal
Oral Tissue

4.3 Confusion Matrix Analysis
A class-level assessment of the model’s predictive
behavior is illustrated through the confusion matrix,
which quantifies both accurate predictions and
misclassification instances.
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Figure 4 Confusion Matrix of the Proposed
Efficient Net Model On the Test Dataset
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4.4 Classification Report
The classification report provides precision, recall,
and F1-score for both classes.

Table 1 Report

Class Precision | Recall | F1-Score
Normal 0.98 0.99 0.98
OSCcC 0.99 0.98 0.98

High and balanced precision and recall indicate equal
model performance across both classes, which is
essential to medical diagnostics. Since not identifying
cancer cases will have severe consequences, high
recall for OSCC (oral squamous cell carcinoma) is
particularly important.

5. Discussion and Analysis

The purpose of this section is to address experimental
results in detail and relate them to prior research in
the area of deep learning-based medical image
analysis.

5.1 Model Performance Interpretation

The proposed model presents many benefits over
previous conventional machine learning methods
such as:

e Automatic Feature Extraction using CNN
layers which decrease the use of handcrafted
features,

e Highly Accurate Classification similar to
deep learning based methods,

e An Efficient Architecture with EfficientNet
where parameters were optimized for
scalability.

5.2 Impact of Transfer Learning

Despite their promising results, these findings are
limited in certain ways. First, due to its restriction to
only two types of lesions (normal and OSCC), it may
fail to reflect the true spectrum of oral diseases
encountered by clinicians. Previous work has
suggested that multi-class classifications based on
multi-site datasets offer greater stability because they
account for variability caused by site-to-site
differences among institutions [23], [49].
Furthermore, variability in histopathological photos
due to factors like staining and scanning resolution or
testing procedures may also affect how well models
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perform. Other research has indicated that, when
using digital pathology as a tool for generating
pathology images, larger and more varied input
datasets yield better generalisation results than
smaller, uniformly sized ones [29], [31].

5.3 Effect of Dataset Restructuring
It has been demonstrated that CNN-based transfer
models for oral cancer detection will be extremely
useful in this application area. The findings of this
research correspond with the latest accomplishments
made with deep learning regarding the analysis of
histopathological images [22], [30

5.4 Strengths of the Proposed System
The proposed system has a lot of advantages when
looked at from both a technical and a clinical
viewpoint. One of its biggest benefits is that it learns
how to create discriminative representations from
raw histopathological images without needing any
prior knowledge of how to capture image textures or
shapes because it uses convolutional layers to do this
instead.

5.5 Limitations and Challenges
While the findings to date show promise, limitations
do exist. This current study only looks at the
identification of normal oral tissue versus oral
squamous cell carcinoma (OSCC) based on
histopathological slides. However, in reality, most
lesions may exist in either intermediate or multiple
pathological stages prior to being classified as benign
or malignant[23],[49].

5.6 Overall Analysis
The results obtained from the research demonstrate
that utilizing CNN models to diagnose oral cancer is
functional through the evaluation of transfer learning
methodologies. The final results achieved an overall
performance of 98.3% accuracy, which is consistent
with the improvement of deep learning techniques
used to evaluate histological images [22][30].
Conclusion
This publication details a deep-learning based
approach  to classify  histopathological  (or
microscopic) images of tissue, specifically OSCC.
OSCC is an important global public health crisis, and
identifying patients with OSCC accurately and early
in the disease process are critical for increasing the
survival rate. As a result of the increasing use of
artificial intelligence in medical imaging, an
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automated classification framework is proposed. To
achieve this goal, the researchers created a balanced
70%:15%:15% split of training, validation and test
datasets, with the overall goal of minimising the
potential for overfitting and allowing for accurate
estimates of classification performance. The datasets
also underwent resizing and augmentation prior to
model training in order to increase model robustness
and generalisability. To help build a better model, the
authors implemented transfer-learning, using the
EfficientNetB3 architecture to take advantage of
knowledge from training on other datasets when
classifying  histopathological images.  The
EfficientNet architecture's use of compound scaling
for feature extraction and computational efficiency
provided a useful framework for stable model
training, along with the regularisation methods of
batch-norm and dropout. In addition, the authors
trained the model using the Adamax optimisation
algorithm. In conclusion, the framework proposed in
this study shows that a CNN model based on transfer
learning can distinguish normal tissue from oral
tissue affected by cancer. With continued validation
on larger and more diverse datasets, such systems
may aid pathology professionals in providing care for
patients within the clinical setting.
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