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Abstract: While manual diagnosis is 

frequently subjective and resource-dependent, 

early and accurate detection of oral cancer 

can greatly improve patient outcomes. In 

order to facilitate transparent clinical 

decision-making, this study offers a deep 

learning-based classification model that 

combines explainable AI techniques with a 

Convolutional Neural Network (CNN).The 

system is deployed through a lightweight web 

interface capable of providing real-time 

predictions for cancerous and non-cancerous 

oral images. Experimental results 

demonstrate strong classification 

performance, and the explainability layer 

highlights the regions contributing to the 

model’s predictions, enhancing 

interpretability for medical users. The 

proposed framework shows potential as an 

assistive tool for improving screening 

efficiency in diverse healthcare settings. 
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1. INTRODUCTION  

Oral cancer is a serious health problem caused 

due to poor oral hygiene, smoking and other 

activities that particularly impact the oral cavity 

tissue. Cancer is prevalent in the world, 

especially where the healthcare provision is 

minimal and unavailable to the common man. 

Conventional detection approaches are 

sometimes less efficient and they can need 

manual inspection and can sometimes need in 

person study. The application of intelligent 

artificial intelligence (AI), machine learning 

models, and deep learning techniques to the 

automatic and precise diagnosis of oral cancer 

may be a promising area of research, and we 

will present a fresh viewpoint in this paper. 

Machine learning has been used in the field of 

medical science for a long time, nowadays the 

need to add novelty to the approach forces man 

to use machine learning to solve real time 

medical imaging problems, one of the main 

disadvantages with this problem statement is 

that the data obtained can not always be open 

source. Support Vector Machines have been 
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used in recent papers due to the fact that they 

are simple and easy to apply as SVM draws 

conclusions from the decision tree classifier 

which is fairly easy to implement and apply 

even on large datasets [1].  

For example, the authors in [2] applied texture-

features of oral features and thereby reported 

that the model accuracy reduces further upon 

classification of oral lesions. These complex 

models need high quality of data and are 

sensitive to noise and outliers as discussed [3]. 

Medical image analysis using CNN have been 

around for years now, as discussed in the 

introduction, image analysis based on deep 

learning, The major reason for CNNs chosen 

over other RNN, GNN is a simple reason that it 

can extract hierarchical features from raw data 

that can beat traditional techniques in terms of 

accuracy and model generalization [3],[4] 

CNN model has also been applied in [5] to 

detect oral carcinoma using images of 

microscopic level and the model achieved an 

accuracy of more than 90%. A research based 

on CNNs can also be used to detect lesions in 

images captured in lenses of a camera and 

uploading made the model to develop.  

Grad-CAM is one of the many XAI tools that 

are being employed to check the transparency 

of CNN models as they are considered to be 

black box models by showing the areas of an 

image that played a role in the diagnosis to 

ensure greater confidence among clinicians. 

Such methods help the advancement of health 

care that shows areas that contribute the most to 

the resultant solution. 

 

2. LITERATURE SURVEY  

ResNet-101 and Faster R-CNN, was introduced 

by Dr.Welikala In the paper[1]. research was 

based on the (MeMoSA) project abbreviated as 

mobile mouth screening anywhere and was 

based on the gathering of labelled ground truth 

images of lesions and  captured by the experts 

globally. The resnet 101 model performed with 

classification problem required a F1 score of 

87.07%, shows that this deep learning model 

was based on classification. The difficulty with 

this model was that it required clinical experts 

to annotate in order to accurately model 

performance. 

In paper [2] mentions the advantages of deep 

learning in substituting the need of clinical 

supervision and records due the CNNs can be 

applied for the detection of oral cancer. Some 

of the techniques they employed were wavelet 

features and Zernike moments. The results of 

their experiments proved that their technique 

was more accurate than other models, 

emphasizing the need for the integration of 

image processing techniques with optimal 

feature selection. Lavanya [4] proposed a fast 

and economical deep learning model for the 

detection of squamous cell carcinoma in the 

oral region. Their model was designed to be 

light and easy to implement, especially in 

resource-poor environments. They applied 

CNNs trained on images of the oral region 

taken with smartphones and obtained 

encouraging results, emphasizing the need for 

deep learning in portable diagnostic healthcare. 

Dharani and Revathy [5] proposed 

DEEPORCD, an oral cancer detection model 

using CNNs that integrated techniques such as 

bag of histograms and wavelet transforms. 

They applied fuzzy particle swarm optimization 

to select the optimal features and trained their 

CNN to obtain high precision. 
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3. EXISTING METHODOLOGIES 

Traditional oral cancer detection methods 

include vi, CNN using inspection and 

pathology-based off CT-scans and MRI based 

images. Moreover, the literature review 

mentions few other proposed methods 

including MeMoSa -- mobile mouth screening 

anywhere and was based on the gathering of 

labelled ground truth images of lesions, F1 

score of 87.07%, and AUC of 99%.  

 

 

 

4. PROPOSED METHOD  

The goal of this work is to design a reliable deep 

learning pipeline capable of distinguishing 

cancer-affected oral cavity images from healthy 

ones. The workflow begins by importing 

pictures from the freely available Oral Cancer 

Images (OCI) datasets, which contains 1,298 

RGB clinical photographs. Expert clinicians 

have annotated these images, ensuring 

trustworthy ground-truth labels. The dataset is 

distributed across two categories, with 648 non-

cancerous examples and 650 cancerous sample 

examples. For consistency during training, each 

of the images is resized to 227 × 227 pixels and 

stored in RGB format. 

A number of preprocessing techniques are 

applied to improve the model's capacity for 

learning. Techniques for contrast enhancement 

are used to highlight the subtle lesion patterns 

while reducing the effects of artifacts and 

inconsistent lighting. Next, min–max scaling is 

used to normalize pixel intensities between 0 

and 1. By adding random flips, rotations, and 

scale changes to the data, the model becomes 

even more robust and can adjust to a variety of 

clinical imaging scenarios. 260 images were 

used for testing and 1,038 images were used for 

training after the final dataset was split 80–20. 

This methodical preparation guarantees an 

accurate and repeatable model evaluation. 

 

 A. Data Collection And Pre-processing 

i. Data Acquisition: The images that are used in 

this study are aquired from the publicly 

available OCI dataset. Each image is a high-

resolution RGB photograph of the oral cavity 

labelled as cancerous or non-cancerous by 

medical experts. Prior to the model's ingestion 

of data, every sample is uniformly resized to 

227 × 227 × 3. 

 

ii. Pre-processing Steps: The pre-processing 

phase includes contrast enhancement to 

improve the visibility of meaningful lesion 

features, followed by min–max normalization 

to balance illumination differences. To increase 

the dataset and rotation, flipping, and scaling 

are some of augmentation techniques used to 

lessen overfitting. These transformations can 

imitate the real-world variations encountered in 

clinical imaging. 
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iii. Network Architecture Design: To improve 

training stability and reduce overfitting, the 

CNN is built with four consecutive 

convolutional layers. Each convolution is 

followed by batch normalisation and max-

pooling. The resulting feature maps are then 

flattened and passed through three fully 

connected layers, with a SoftMax activation at 

the output to perform binary classification. 

 

iv. Training and Optimisation: We use 

stochastic gradient descent with momentum 

(SGDM) during training to reduce the risk of 

getting stuck in local minima.. 

Hyperparameters of initial learning rate 

(0.0005), batch size (30), and the binary-cross 

entropy loss function were selected in 

accordance with accepted practices and 

validation accuracy. Model weights were 

initialized according to the He initialization 

scheme prior to the ten epochs of training. 

 

v. Evaluation Protocol: To ensure class 

balanceThe dataset is split into training (80%) 

and test (20%) subsets at random. Quantitative 

evaluation of both internal validation and 

external benchmarking of model performance 

are done utilising common evaluation metrics 

(F1, accuracy, sensitivity, specificity, and 

precision). 

 

vi. Comparative Benchmarking: Five well-

known pre-trained networks (AlexNet, 

SqueezeNet, Inception, VGG19, and 

ResNet50) were used to enhance the 

performance of the suggested CNN architecture 

and were trained and evaluated under the same 

protocols and on the same datasets. A summary 

of results from all networks has been included 

for an unbiased and equitable evaluation of the 

relative benefits of the suggested model. 

 

B. Network Architecture Design  

   [1] 

ez  represents the standard exponential function. 

The proposed model adopts a custom CNN 

comprising four convolutional blocks. Each 

block includes a convolutional layer, max-

pooling and batch normalisation are used to 

reduce spatial dimensions and stabilise 

gradients. After being flattened, the extracted 

feature maps go through fully connected layers 

finishing with a Softmax output for binary 

classification. This architecture strikes a 

balance between computational efficiency and 

high representational capacity. 

 [2]  

 

C. Training and Optimization  

Convolutional Neural Network (CNN) model is 

designed that can automatically extract and 

learn discriminative features of the input 

images. This architecture has: 

 

Fig 4.3  

Source-- 

https://www.nature.com/articles/s41598-025-

07957-9/tables/1  

A batch size of thirty is used for training, and 

the initial learning rate is set at 0.0005. The 

network is optimized using Stochastic Gradient 

Descent with Momentum (SGDM) and binary 

cross-entropy loss. Weight parameters are 

initialized using the He initialization method to 

support stable gradient flow. The model is 

trained for 10 epochs, with hyperparameters 

chosen through validation-based tuning. 
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[2] 

Where N represents number of samples,                                   

Yi represents the true 0 or 1 for the sample , 

pi is the predicted probability for the sample. 

 

D. Evaluation Protocol  

To ensure fairness in performance 

measurement, maintain label balance while 

randomly dividing the dataset into training 

(80%) and testing (20%) subsets. Widely 

recognised metrics like accuracy, precision, 

recall, specificity, F1-score, and ROC-AUC are 

used to assess the system. Together, these 

metrics evaluate the model's capacity for 

classification and strength of generalisation. 

 

Metric SVM CNN 

Accuracy 0.742 0.941 

Precision 0.711 0.935 

Recall 0.756 0.947 

F1-Score 0.732 0.941 

ROC-AUC 0.768 0.962 

                                   

Table 4.4.1 

depicts a performance comparison between 

two models- SVM and CNN for oral cancer 

detection 

 

E. GUI Implementation 

For carrying out a thorough and impartial 

analysis, a number of well-known deep learning 

models, including VGG19, ResNet50, 

Inception, SqueezeNet, and AlexNet, are fine-

tuned and compared for their performance 

using the same dataset and under the same 

experimental setup. By comparing the 

performance of all models under the same 

environment, there are no variations in the 

results due to differences in the training 

environment. The performance metrics of the 

well-known models are then compared with 

those of the proposed CNN model. This 

comparison analysis enables a thorough 

understanding of the effectiveness of the 

designed CNN model as it is compared with a 

number of well-known deep learning models. 
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Fig.4.1 Flowchart of proposed method 

 

5. SYSTEM DESIGN AND 

IMPLEMENTATION 

The system architecture integrates a CNN 

model with a web interface for user interaction. 

UML diagrams, class diagrams, and flowcharts 

were used to design the system. The 

implementation includes backend processing 

for model inference and frontend for user 

interaction. 

 

Fig.5.1 system architecture 

 

F. XAI IMPLEMENTATION 

XAI or Explainable AI is used to outline the 

regions that contribute the most to the detection 

of the cancerous regions, hence allowing little 

insight into the black box models. The 

explainability models include LIME and 

SHAP.   

 

6. RESULT 

 

                   Fig:6.1 Run SVM 

 

Training SVM with 80% training data, it gave 

accuracy approx. 75% which is less for 

prediction of oral cancer. 

 

                     Fig:6.2 Comparison graph 

This is performance metrics comparison graph 

of both algorithms SVM and CNN. 

 

Fig:6.3 LIME explanation 

 

7. CONCLUSION  

The proposed system delivers an efficient and 

interpretable deep learning approach for 

identifying oral cancer from clinical images. 
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With streamlined preprocessing, data 

augmentation, and a compact CNN 

architecture, the model achieves strong 

diagnostic performance while remaining 

suitable for real time use in both advanced and 

resource limited healthcare settings. Its 

integration with explainability techniques 

further supports clinicians by providing 

transparent and reliable predictions. 

However , the study's reliance on a single 

dataset, which could fail to represent the whole 

range of clinical variations, is a limitation. The 

need for more thorough preprocessing is also 

indicated by inconsistent image quality and 

orientation. Expanding the dataset, enhancing 

automation, and further verifying its 

explainable features in practical settings will be 

the main objectives of future work. 
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