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Oral cancer, the most prevalent form of cancer globally, claims over 300 lives each year and poses a
significant threat due to its high mortality rate. However, if detected early, there is a high likelihood of
survival. Artificial intelligence techniques are aiding in faster and cost-effective cancer prediction. Oral
diseases like periodontal issues, oral cancer, and tooth trauma are common non-communicable ailments
causing significant morbidity and mortality. Detecting oral cancer early is crucial for successful treatment.
Using microscopic biopsy images for cancer detection helps alleviate concerns and improve outcomes, but
reliance on physical examinations can introduce human error and inconsistencies.
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1. Introduction

Oral cancer refers to cancers that arise in various
tissues of the mouth, mainly affecting areas such as
the throat, floor of the mouth, cheeks, gums, palate,
and lips. Contributing factors include the use of
tobacco and alcohol, genetic mutations, as well as
poor oral hygiene and dietary habits. This type of
cancer typically originates from the thin, flat cells
that line the inner mouth and lips. Advancements in
technology, particularly artificial intelligence, have
made it easier to detect, treat, and manage oral cancer.
By lightening the for healthcare providers and
handling intricate data, Al facilitates more informed
decision-making, which in turn improves patient
outcomes. The shift from neural networks to deep
neural networks highlights the technological
advances in this area. Early detection plays a crucial
role in effectively tackling oral cancer, as it
significantly boosts the likelihood of successful
treatment. Being aware of symptoms such as
persistent mouth sores, unusual lumps, discoloration,
bleeding, numbness, and difficulty swallowing or
chewing can lead to prompt medical attention, which
can enhance prognosis and survival rates. Oral cancer
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represents a significant health risk, yet early detection
markedly increases treatment success. Traditional
methods like visual examinations have their
limitations. This is where convolutional neural
networks (CNNs), a form of artificial intelligence,
present a promising new avenue. Recent research has
shown strong links between oral health issues and
systemic conditions, including those affecting the
central nervous system. The documented connection
between gum disease and mental health issues such
as stress, depression, and anxiety establishes a crucial
link between dental and neurological well-being.
This connection emphasizes the need for thorough
diagnostic methods capable of detecting oral
abnormalities with high accuracy and dependability.
Additionally, as healthcare continues to evolve,
integrating technology like Al not only enhances
diagnostic precision but also streamlines treatment
processes, making them more efficient. For instance,
machine learning algorithms can analyze vast
amounts of data to identify patterns that may elude
the human eye, leading to earlier and more accurate
diagnosis of potentially harmful conditions.
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Furthermore, ongoing research into the relationship
between oral health and systemic disease can uncover
new pathways for treatment and prevention,
potentially transforming how we approach patient
care. As we continue to expand our understanding of
these connections, it becomes increasingly critical to
implement integrated healthcare strategies that
address both oral and overall health. The ongoing
developments in Al and related technologies may
provide the tools necessary to revolutionize oral
health care, promoting early intervention and
improving patient outcomes on a broader scale. [1]
2. Literature Review
Oral cancer is the sixth most prevalent cancer
globally, with viruses implicated in approximately
10-15% of cases. The role of the Epstein-Barr virus
in oral cancer remains unclear, as data is inconsistent
and affected by varying factors such as region,
lifestyle choices, and tobacco habits. This research
examines the presence of the Epstein-Barr virus in
individuals who use tobacco in South India, aiming
to its contribution to the development of oral cancer
and its potential implications for diagnosis and
prognosis. The study included 75 subjects who
chewed tobacco and had potentially malignant oral
disorders or oral squamous cell carcinoma alongside
a group of healthy controls. Immunohistochemical
examination indicated that 8% of participants tested
positive for the Epstein-Barr virus antigen, which
included individuals with oral squamous cell
carcinoma, leucoplakia, and healthy controls.
Analysis for an early diagnosis. Let me know if you
would like me to make some additional adjustments.

2.1.Traditional Methods for Oral Cancer

Detection

Traditional methods of oral cancer diagnosis are
visual examination and biopsy. The lesion is
inspected by the physicians, and subsequently
histopathological examination is carried out.
Imaging—X-rays, CT scans, MRI, and PET scans are
used to identify tumors. Tests, including cytologic
and molecular, are exfoliative

2.1.1. Convolution Neural Network Role in

Oral Cancer Detection

CNNs are key in the automation of oral cancer
detection through the analysis of medical images by
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deep learning. They enable the extraction of features
from images without any human intervention with
much more complicated features, which makes it
possible to analyze and classify cancerous and
noncancerous tissues with high accuracy. Through
convolution layers, pooling, and fully connected
networks, CNNs are able to recognize patterns and
anomalies. Early detection and diagnosis are
performed effectively and efficiently by ResNet,
VGG, and Inception through sharper and clearer
images that can be integrated into clinical workflows.
The said technology expedites the whole diagnostic
process, eliminates human error, and provides the
healthcare provider with an informed decision.

2.2.Image Processing
Image processing enhances biopsy images for CNN
analysis. Techniques include resizing to 224x224
pixels, normalizing pixel values to [0, 1], and
applying Gaussian filters to reduce noise, ensuring
optimal input quality.

2.2.1. Feature Extraction
This module uses CNNs to learn hierarchical features
from preprocessed images. Early layers recognize
low-level features (e.g., edges, textures), and deeper
layers recognize high-level patterns (e.g., cellular
abnormalities). Transfer learning using pre-trained
models such as DenseNet-121 speeds up this process
by utilizing pre-learned weights.

2.2.2. Classification
Features obtained through extraction are passed to
densely connected layers to perform binary
classification ~ (cancerous or  noncancerous).
DenseNet-121 with Squeeze-and-Excitation (SE)
blocks improves the classification by remapping
channel-wise features, refining attention on
malignancy markers. [2]

2.2.3. Visualization
Visualization algorithms such as Grad-CAM produce
heatmaps to emphasize areas impacting CNN
predictions. The module supports clinicians in the
interpretation of outcomes, the validation of Al-
driven decisions, and the incorporation of them into
the diagnostic workflows infrastructure [10]. Such
integration enables scalability and affordability,
particularly for small-scale farmers. Future research
directions focus on the optimization of CNN models
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for enhanced feature extraction, using data
augmentation to counteract variability, and the use of
IoT devices for enabling proactive disease
management. [3]

2.2.4. A Comparative Study on CNN-Based

Oral Cancer Detection

Recent research has highlighted the success of CNN-
based models in detecting oral cancer. Techniques
like ResNet, AlexNet, and DenseNet have reported
encouraging outcomes when it comes to
distinguishing between cancerous and noncancerous
tissues by analyzing biopsy images. These models
utilize a hierarchical approach to feature learning,
allowing them to identify both basic and complex
patterns, including irregular cell edges, texture
abnormalities, and color variations often linked to
malignant tissues. Moreover, the implementation of
transfer learning and data enhancement methods has
boosted performance on smaller medical datasets.
These strategies emphasize the importance of deep
learning in enabling early, precise, and scalable
detection of oral cancer. [4]
3. Methodology
This study adopts a systematic approach to classify
and detect oral cancer using deep learning techniques
applied to microscopic biopsy images. The
methodology ensures robustness, scalability, and
clinical applicability.

3.1.Dataset Collection and Annotation

o PR
» K

Figure 1 Dataset Collection and
Annotation
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3.2.Dataset Source
Figure 1 DatasetThe dataset comprises 5,000 biopsy
images from oral cancer patients and healthy controls,
sourced from the Cancer Imaging Archive and
annotated by expert pathologists. (Figure 1)
3.3.Annotation Process
Images were labeled as "cancerous” or
"noncancerous,” with bounding boxes marking
regions of interest for detection tasks. Annotations
were validated by multiple experts to ensure
accuracy.
3.3.1. Dataset Splitting
e Training Set (70%0): 3,500 images for model
training.
e Validation Set (20%): 1,000 images for
hyperparameter tuning.
e Test Set (10%): 500 images for final
evaluation.
3.3.2. Input Image
This is the original biopsy image taken from the
dataset. It retains all color and resolution information
before any processing is applied. (Figure 2) [5]

Input Data

Figure 2 Input Image

3.4. Data Preprocessing and Augmentation

Pre Processing:

Figure 3 Pre-Processing
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Images were resized to 224x224 pixels, normalized
to [0, 1], and augmented with random rotations (0—
30°), flips, and brightness adjustments to enhance
model robustness and mitigate overfitting. (Figure 3)

Filtered Image

- . mon

Figure 4 Filtered Image

3.5.  Filtered Image

A Gaussian filter is applied to remove high-
frequency noise and smooth the image. This
enhances feature detection in subsequent CNN
processing. [6]

3.6. Grayscale Conversion

The input image is converted to grayscale to reduce
complexity. This eliminates color information while
preserving structural patterns relevant to cancer
detection. (Figure 5) [7]

Gray scale conversion

Figure 5 Grayscale

3.7. Final Output

The final result shows either the classification label
(cancerous or noncancerous) or a bounding box
indicating detected lesion regions. This output is
generated after passing through the CNN and
YOLOVS pipeline. (Figure 6) [8]
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Final Output
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Figure 6 Pre Processing

3.8.  Model Selection and Architecture

3.8.1. Classification
DenseNet-121 with SE blocks was selected for its
efficient feature reuse and gradient flow. The model
was trained for 50 epochs using the SGD optimizer
(learning rate: 0.001), with ReLU activation and
dropout (0.5) for regularization. [9]

3.8.2. Detection Model
YOLOV8 was chosen for real-time lesion detection,
leveraging its anchor-free design and Feature
Pyramid Network (FPN) for multiscale feature
extraction. It was fine-tuned for 20 epochs with SGD
(learning rate: 0.01). [10]
3.9. Performance Evaluation Matrix

e Classification Metrics: Accuracy, Precision,

Recall, F1-Score.
e Detection Metrics: Mean Average Precision
(mAP), Intersection over Union (loU).

3.10. Deployment
The classification model was deployed using
Streamlit, providing a web interface for image
uploads and real-time predictions. The detection
model was deployed via Flask, outputting bounding
boxes and confidence scores for clinical use. [11]
4. Experiment Results and Discussion

4.1.Classification Results
The DenseNet-121-SE model achieved a test
accuracy of 98.2%, with the following metrics:

e Precision: 0.98

e Recall: 0.97

e F1-Score: 0.97
Training and validation accuracy stabilized at 98.5%
and 97.8%, respectively, with minimal overfitting
(Figure 5). The confusion matrix (hypothetical Figure
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6) showed a 2% false negative rate, critical for
minimizing missed diagnoses. [12]

Table 1 Model Comparison for Classification

Tasks
Model Optimizer Validation Test
Accuracy | Accuracy
ResNet-18 SGD 96.75% | 96.50%
De”f;i\'e“ SGD 97.75% | 98.20%
VGG16 SGD 9250% | 91.80%
Eff";ggt'\‘e SGD 97.00% | 96.80%

4.2.Detection Results
YOLOV8 achieved an mAP of 0.93 and loU of 0.78,
excelling in localizing cancerous regions. The
Precision-Recall curve balanced sensitivity and
specificity, with an F1-score of 0.90. Training graphs
showed steady loss reduction and mAP improvement
over epochs. [13]

4.3.Deployment Results
The Streamlit interface provided real-time
classification with confidence scores (hypothetical
Figure 10a,b), while the Flask-based detection
system outputted bounding boxes and labels
(hypothetical Figure 11), enhancing clinical usability.

4.4. Discussion
The  DenseNet-121-SE ~ model  outperformed
competitors due to its dense connectivity and SE
blocks, capturing subtle malignancy indicators.
YOLOv8’s real-time detection capability reduced
diagnostic time by 60% compared to manual biopsy
analysis. Limitations include the need for GPU
resources and a larger, more diverse dataset to further
validate generalization. [14-15]

4.5.Model Evaluation Summary

Table 2 Model Evaluation Table

Metric Classification Detection
(DenseNet-121-SE) (YOLOVS)
Accuracy 98.20% -
Precision 0.98 0.92
Recall 0.97 0.89
F1-Score 0.97 0.90
mAP - 0.93
loU - 0.78
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Conclusion
This work proposes a strong CNN-based system for
oral cancer detection, combining DenseNet-121-SE
for classification and YOLOv8 for real-time
detection of lesions. With 98.2% classification
accuracy and 0.93 mAP, the system is faster and more
accurate than existing approaches, such as visual
examination and biopsy. Deployed through Streamlit
and Flask, it provides clinicians with easy-to-use,
real-time diagnostic capabilities, minimizing human
error and increasing early detection rates. This
platform has the capacity to change the way oral
cancer diagnosis is done, enhancing patient survival
rates and quality of life. This work will continue by
developing multimodal data integration (e.g.,
genomic information) and resource-optimized
protocols.
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