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ABSRACT: Oral cancer is highly prevalent, and early detection is essential to improve patient outcomes. Traditional
diagnostic methods, like biopsies and visual inspections, can be invasive and subjective, often leading to delays. This
research explores a Convolutional Neural Network (CNN)-based algorithm to automatically detect oral cancer using
medical images, such as histopathological slides and oral mucosal photographs. The CNN is trained on labeled datasets
to differentiate between healthy and cancerous tissues by extracting features through convolutional layers. Techniques
like data augmentation, dropout, and regularization enhance performance by preventing overfitting. The model is
evaluated with metrics such as accuracy, sensitivity, and specificity, showing high reliability and potential as a non-
invasive, efficient diagnostic tool for early oral cancer detection.

KEYWORDS: Convolutional Neural Networks (CNN), Deep Learning, Image Classification, Oral Cancer, Feature
Extraction

I. INTRODUCTION

One of the most prevalent cancers in the world, oral cancer is distinguished by late diagnosis, high fatality rates, and
morbidity. Half of all oral cancer cases worldwide occur in low- and middle-income countries (LMICs), with the
remaining third occurring in high-income countries (HICs). The two main risk factors for oral cancer are excessive
alcohol use and tobacco use in any form. As oral cancer is frequently preceded by visible oral lesions known as oral
potentially malignant disorders (OPMDs), late diagnosis need not be a defining characteristic. OPMDs can be found
during routine screening via a clinical oral examination (COE) conducted by a general dentist. In recent years,
advancements in deep learning techniques, particularly convolutional neural networks (CNN), have shown promising
potential in the field of medical image analysis.

CNNs are widely recognized for their ability to learn and extract meaningful features from complex image datasets,
making them highly effective for various image classification tasks. Their application in the detection of oral cancer
from medical images could revolutionize early diagnosis by providing a faster and more reliable alternative to
traditional diagnostic methods. This research explores the use of CNN algorithms for the detection of oral cancer
through image analysis. By training a CNN model on oral lesion images, we aim to develop a robust system that can
accurately differentiate between cancerous and non-cancerous tissues. The study also examines the model's
performance, evaluating its precision, sensitivity, and specificity in detecting oral cancer. The ultimate goal is to
enhance early detection efforts, contributing to improved patient outcomes and reducing the overall mortality rate
associated with this disease.

II. LITERATURE SURVEY

This research paper explores the detection of oral cancer (OC), which primarily originates in the epithelial tissues of the
oral cavity and oropharynx, with squamous cell carcinoma (SCC) accounting for 90% of cases. Common precancerous
lesions like leukoplakia and erythroplakia are identified as key indicators of cancer progression. In India, where the
burden of OC is high, 70% of cases are diagnosed at late stages, leading to poor survival rates. The paper emphasizes
the need for non-invasive, fast, and accurate diagnostic methods and proposes an automatic classification system using
texture and color features from different color spaces. The study reviews various texture feature extraction methods and
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highlights the role of machine learning (ML) and deep learning (DL) techniques, such as convolutional neural networks
(CNN:gs), in classifying oral lesions. It discusses existing work in texture analysis, radiomics, and the fusion of imaging
modalities for improved detection accuracy. The research underscores the potential of automated systems in early OC
diagnosis, reducing human error and improving outcomes [1]. The study aims to create an automatic algorithm for
detecting oral cancer by identifying and distinguishing premalignant lesions from images of the buccal cavity.
Researchers collected and analyzed 60 images representing normal conditions, erythroplakia, and leukoplakia using
MATLAB image processing tools. The initial step involved using the maximum red value to separate normal from
abnormal images, achieving a 100% accuracy rate. Subsequently, images were further processed based on mean red
values, employing YCbCr color space segmentation. For final classification, gray-level co-occurrence matrix (GLCM)
features, particularly entropy, were utilized, resulting in an 89% efficiency for differentiating abnormal images. The
study highlights the potential of this algorithm in early oral cancer detection, particularly in developing countries, and
includes a user-friendly interface for practical application [2]. This research paper addresses the challenges of late-stage
diagnosis and high mortality rates associated with oral cancer, particularly in low- and middle-income countries
(LMICs), where screening resources are limited. The study emphasizes the role of tobacco and betel quid usage as
significant risk factors. To improve early detection, the paper explores automated systems that analyze mobile phone
images, leveraging deep learning, especially convolutional neural networks (CNNs). It reviews existing methods, such
as texture-based analysis, hyperspectral imaging, and fluorescence imaging. The study highlights the growing use of
CNNs for image classification and object detection, with frameworks like Faster R-CNN and Mask R-CNN showing
promise for detecting oral lesions. The paper emphasizes the need for large, clinically labeled datasets to enhance the
performance of such Al-based diagnostic tools [3]. This paper discusses the hallmarks of cancer, initially defined by six
key capabilities, and introduces the reprogramming of metabolism and immune evasion as additional hallmarks. The
authors propose epigenetic alterations as a further hallmark of cancer, crucial for future cancer therapies. Cancer
progression is driven by uncontrolled cell growth, metastasis, and the dysregulation of oncogenes and tumor suppressor
genes, leading to unchecked cell cycling and evasion of apoptosis. While genetic mechanisms like mutation and
chromosomal changes are well-studied, the paper highlights the emerging role of epigenetic modifications, such as
DNA and histone changes, in cancer initiation. These changes can induce cancerous traits even in cells without genetic
mutations. The paper emphasizes the need to explore epigenetic-based therapeutics and presents a model for the
development of metastatic progenitor cells from non-metastatic cells [4]. This research aimed to develop an automatic
oral cancer detection algorithm for early identification of premalignant lesions in the buccal cavity, particularly
targeting erythroplakia and leukoplakia. Using 20 images of each lesion type, the study employed MATLAB for image
processing. The first step involved separating normal and abnormal images by applying a maximum red value
threshold. The second step used mean red values to guide further image segmentation in the YCbCr color space. The
final decision-making process was based on gray-level co-occurrence matrix (GLCM) features, particularly entropy,
which helped differentiate abnormal lesions with an accuracy of 89%. The algorithm was rigorously trained and tested
with shuffled data, achieving 100% accuracy in distinguishing normal from abnormal images in the first step. A
graphical user interface (GUI) was developed to display the results effectively. The method shows promise in reducing
fatalities from oral cancer in developing countries [5].

III. METHODOLOGY

This study follows a systematic and structured approach to building a robust image classification model for detecting
oral cancer. The methodology is divided into several key stages, each playing a critical role in the success of the final
deployment. Below is the stage-wise breakdown.

1. Data Collection and Preprocessing

Data Acquisition: Data is acquired from public sources such as Kaggle, providing a reliable dataset of labeled medical
images and records, including cancerous and non-cancerous samples.

Types: The dataset includes a variety of images and medical records related to oral cancer.

Data Cleaning:

Noise Reduction: To improve image quality and model accuracy, artifacts and irrelevant data are removed from the
dataset.

Normalization: Images are standardized by adjusting their sizes and formats to ensure uniformity and compatibility
with the model.
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Data Augmentation:The data is enriched using augmentation methods such as image rotation, flipping, scaling, and
color adjustments. This helps increase the dataset's diversity, improving the model’s generalization ability and reducing
overfitting.

2. Model Development
Model Selection: TensorFlow is selected for its versatility and extensive libraries for deep learning. It provides the
necessary tools to build, train, and deploy the model efficiently.

Model Training:

Training Data: Preprocessed images are used as training data for the model, ensuring that it learns to differentiate
between healthy and cancerous tissues accurately.

Hyperparameter Tuning: Parameters such as learning rate, batch size, and the number of epochs are optimized to
improve model performance and training efficiency.

Model Evaluation: The model's performance is evaluated using metrics such as accuracy, precision, recall, and F1-
score, which ensure a thorough assessment of its predictive capability.

Validation: Cross-validation and confusion matrix analysis are employed to ensure the model's reliability and to reduce
the chances of overfitting on the training data.

3. Feature Extraction

Convolutional Layers: Convolutional layers utilize filters to detect essential features such as edges, textures, and
patterns within the images.

Activation Functions: Functions like ReLU (Rectified Linear Unit) and Softmax are employed to introduce non-
linearity and output class probabilities, respectively.

Pooling Layer: Max Pooling: This technique reduces the dimensionality of feature maps while preserving important
features, making the model computationally efficient.

Average Pooling: Used for smoothing out the feature maps by averaging the values, leading to a more generalized
feature representation.

Dense Layers:

Fully Connected Layers: These layers combine extracted features from earlier layers for final classification. The dense
layer helps in making a more refined decision by connecting all neurons from the previous layers.

Dropout: Dropout is applied during training to randomly deactivate neurons, preventing overfitting and improving the
model’s ability to generalize to new data.

4. Classification

Softmax Layer:The final softmax layer outputs probabilities for each class (e.g., cancerous and non-cancerous). This
layer helps in converting raw scores into probabilities, which are then used for classification.

Thresholding:Decision Boundary: A specific cutoff is applied to classify an image as either cancerous or non-
cancerous. The threshold is optimized during model evaluation to balance sensitivity and specificity.

5. Deployment

User Interface: A user-friendly interface is developed to allow healthcare professionals to interact with the model
easily. The interface is designed for non-technical users to upload images, view predictions, and access patient history.
Features: Key features include an image upload function, real-time prediction display, and the ability to store and
retrieve patient history, facilitating a seamless user experience for medical practitioners.

This stage-wise methodology ensures a comprehensive approach to developing a reliable and accurate image
classification model for oral cancer detection. By incorporating effective data collection, rigorous preprocessing,
advanced feature extraction, and user-friendly deployment, the proposed system aims to improve early diagnosis and
support healthcare professionals in their decision-making process.

IJIRSET©2024 | AnI1SO 9001:2008 Certified Journal | 17314


http://www.ijirset.com/

Impact
Factor

8.524

ﬂﬂﬁ“@ International Journal of Innovative Research of
1JIRS Science, Engineering and Technology (IJIRSET)

|www.ijirset.com |A Monthly, Peer Reviewed & Referred Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 13, Issue 10, October 2024
|DOI: 10.15680/IJIRSET.2024.1310027|

System Architecture:

Train Dataset
l With image

Image Preprocessing
(Gray-Scale Conversion)

Upload
Image Feature Extraction
(Detection The parameter From
fetal Image Uploaded For Testing)
User
Detect oral lesions CNN Algorithm Working

(Match extracted feature with the
feature of trained image in dataset)

v

classify oral lesions

System

IV. EXPERIMENTAL RESULTS

= Oral Cancer Detection & Oral Cancer Detection & Oral Cancer Detection

Tese. S

s oGS = w0 o , @ # oo e
& Oral Cancer Detection
PRSP S——

i e T

& Ou Camcer percerton O LT TSI

V. CONCLUSION

The methodology outlined demonstrates a systematic approach to developing an effective image classification model
for detecting specific categories, such as cancerous and non-cancerous tissues. By leveraging datasets from reliable
sources and implementing preprocessing technique like data augmentation, the model is better prepared for accurate
classification. The use of convolutional layers, activation functions, and pooling methods enables the model to extract
meaningful features, while hyperparameter tuning optimizes performance. The integration of user-friendly deployment
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ensures practical use in real-world settings, allowing easy access for predictions and patient history management. This
approach provides a robust framework for achieving reliable and efficient classification outcomes.
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