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Abstract— The prevalence of oral cancer, especially in 

South and Southeast Asia, coupled with late-stage 

presentation, is problematic globally as it profoundly 

increases the risk of death. Existing diagnostics, whilst 

effective, are invasive, lengthy, and often unavailable in 

areas with limited resources. This research aims to assess 

the viability of combining Raman spectroscopy and deep 

learning for oral cancer diagnostics and to evaluate if the 

new system would be efficient, accurate, non-invasive, and 

fast. To enhance data quality, Raman spectra obtained from 

oral tissues underwent baseline correction, normalization, 

denoising, and spectral alignment as preprocessing steps. 

An initial Neural Network (NN) and a ResNet-18 based 

Convolutional Neural Network (CNN) with transfer 

learning, were constructed and tested. It was proved that 

for every evaluation metric, the CNN model did better than 

the baseline NN, completing every evaluation metric with a 

better accuracy, precision, recall, F1 score, and ROC-

AUC. All together, the results show deep learning, 

especially CNNs and transfer learning, can really help in 

oral cancer diagnostics and classification from complex 

spectral data, which is very useful for point-of-care 

diagnostics 

Keywords —Dental hygiene, tooth decay, gum disease, 

oral cancer, preventive care, fluoride. 

I. INTRODUCTION  

Oral cancer is posed as a major health concern worldwide, 

and the threat is becoming larger and larger, affecting 

hundreds of thousands of persons. The WHO places it 

among the top ten cancers witnessed worldwide, with more 

than 377,000 cases diagnosed every year [7]. The 

developing countries face a higher incidence; particularly 

South and Southeast Asia, where the accident of tobacco 

chewing, smoking, alcohol consumption, and other bad 

practices like poor oral hygiene are quite common. Oral 

cancer in itself contributes nearly to one-third of all cancer 

cases in India and is therefore an overwhelming issue of 

public health. 

The alarming aspect of oral cancer is that its mortality rate 

is high due to late diagnosis. Patients seeking early medical 

help begin to appear only when the symptoms become bad 

and the disease reaches the advanced stage, making it harder 

for treatment to meet with success [8]. The late-stage oral 

cancer survival rate is less than 50%, while survival is 80-

90% for the cases that are detected early. The stark contrast 

compels everyone to be aware of the disease, dances for 

periodic check-ups, and lay emphasis on the early detection 

mechanism. 

 

Conventional Diagnostic Techniques and Their 

Limitations 

 

The conventional diagnosis-oral cancers primarily rely 

upon visual monitoring, palpation, biopsy, and 

histopathological examination. In actuality, for decades, the 

clinician's gold standard medicine, but all have a few 

glaring limitations that affect early detection and accuracy 

of diagnosis. Initial inspection is therefore basically visual 

and tactile examination by a dentist or clinician.  Lesions 

considered suspicious such as ulcers, leukoplakia, or 

erythroplakia are identified on sight and through manual 

probing. While these methods are simple and non-invasive, 

these are highly subject to interpretation, dependent largely 

on the clinician's knowledge base and experience. Lesions 

in their early stages do resemble many benign conditions 

leading to chances of misdiagnosis or delayed referral for 

further investigation [16]. 

In the case of a suspicious lesion, a biopsy is performed 

next, wherein a tiny portion of tissue is surgically removed 

from the human body and analyzed. Histopathological 

examination follows the biopsy, which offers a definitive 

diagnosis by assessing abnormal changes at the cellular 

level under a microscope [17]. Although highly accurate, 

these procedures are invasive, painful, and require local 

anesthesia. Such factors may inculcate anxiety in patients, 

causing them to avoid early diagnostic evaluation. Figure 1. 

Risk Factors in Oral Cancer. 
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Figure 1.Risk Factors in Oral Cancer 

Additionally, a considerable amount of time passes between 

the moment a biopsy is taken and the final diagnosis. 

Specimen preparation and pathologists' interpretation, 

along with subsequent visits concerning the diagnosis, are 

all time factors. Lack of access to adequately trained 

pathologists and adequate laboratory infrastructure in 

resource-limited setting causes delays in making diagnoses 

and commencement of treatment [18]. Among adjuncts for 

early detection are toluidine blue stain, brush biopsies, and 

fluorescence visualization. However, those techniques have 

low sensitivities or specificities and perform differently 

from clinical settings to settings. Therefore, while 

conventional approaches are still important, their 

drawbacks serve to emphasize that more effective non-

invasive and automated diagnostic techniques need to be 

developed. Techniques such as Raman spectra with deep 

learning algorithms can provide a potential image for quick 

objective and accurate analysis without any need for tissue 

excision 

II. LITERATURE REVIEW 

In deep learning, DenseNet169 has been applied for oral 

cancer detection, with one dataset of healthy and unhealthy 

oral conditions, such as leukoplakia and thrush [7]. With 

transfer learning and data augmentation, the model can 

reach 94.08% accuracy and 94.7% F1 score, eclipsing all 

previous architectures. Deep models, therefore, are superior 

in medical imaging. Fine-tuning, though, remains 

mandatory to enable the model for any practical, real-world 

application. 

 

Using neural networks, microscopic images of mouth 

cancer have been processed to test in vitro early detection 

[8]. Transfer learning offered a 10-15% better accuracy than 

simple CNN models. The ablation study also emphasized 

the beneficial effects of data preparation. Hence, these 

results highlight the fact that more sophisticated feature 

extraction mechanisms do offer better diagnosis. This is a 

great step forward to improving the image-based diagnosis 

of cancer. 

 

Object detection and classification algorithms have been 

used for culinary lesion detection from clinical images [9]. 

Lesion detection was done using Faster Region-based CNN 

with an accuracy of 41.18% while for lesion identification 

ResNet-101 gave on F1 scores of 87.07% and on referral 

decisions of 78.30%. Aggregation of bounding boxes 

annotations served their purpose to increase reliability. 

Evidently, these approaches demonstrate the potential of 

deep learning in early cancer screening.  

 

EfficientNet was also proposed as a diagnostic architecture 

for oral cancer in its early stages through transfer learning 

[10]. Pretrained weights in EfficientNet were used so that 

convergence would be faster, thus allowing the synergy of 

feature extraction and deep learning efficiency. The 

findings showed a huge spike in accuracy and promise of 

further, more reliable results. Such strides have led to more 

effective interventions, leading to better patient prognosis. 

These systems conveyed multimodal deep learning with 

patient metadata and image data showing that multiple-

source integration aids in diagnosis [11]. The model using 

MobileNetV3-Large had an 81% accuracy and a 78% F1 

score against image-only methods; proving that clinical 

reasoning is stronger if both contextual and visual data are 

diagnosed. The importance of considering medical AI 

holistically is discussed in this study. An enhanced deep 

learning model known as FJWO-DCNN with higher 

recognition accuracy for analysis of oral cancer images was 

proposed in the study [12]. The framework was capable of 

extracting theoretical features and raw image inputs, 

allowing classification at several levels. This works was 

able to produce much better accuracy than previous studies, 

proving that a hybrid feature extraction is capable of 

improving diagnostic performance. 

 

In a hybrid approach, CNNs were paired with RNNs to 

analyze clinical and imaging data [13]. Trained on 5000 

patient records and histopathological images, the model 

attained an accuracy of 94%, sensitivity of 93%, and 

specificity of 92%. These numbers tops those given by 

previous approaches that used one type of modality, which 

hovers at 85 to 90% accuracy. Such an integration provides 

a reliable approach toward early detection of accurate 

cancer. 

 

Machine learning and nanotechnology were combined to 

diagnose and inhibit the propagation of oral squamous cell 

carcinoma [14]. Nanoparticles like gold and 

nanohydroxyapatite, combined with algorithms like CNN, 

SVM, and Naive Bayes, led to precise detections. With 

96.6% accuracy, CNN was considered the best. This 

interdisciplinary approach emphasizes how intelligent 

devices can evolve cancer management and early 

intervention. 

 

Oral cancer, as it affects different sites of the mouth, often 

remains undiagnosed until it has reached very late stages 

and the mortality rate is hence high [15]. Deep learning 

models open a realm of opportunity for early and low-cost 

detection. Earlier the identification of tumors, the growth of 

malignant tumors can be stopped. These findings impress 

upon the importance of applying AI in regular oral health 

care. 

 

https://ijellh.com/index.php/OJS/index
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Transfer learning with deep CNNs was studied for 

classifying oral cavity carcinoma from images of the tongue 

[16]. Models were able to identify lesions that are benign 

and precancerous into five categories, with near-human 

accuracy. The results further get improved when the 

scientist's inputs are added into an ensemble method. This 

creates a cost-effective and scalable framework for the 

automated diagnosis of early OCC. 

 

For oral carcinoma detection, a hybrid CNN-Deep Belief 

Network model, optimized via the PSOBER algorithm, was 

formulated [17]. The said model was tested with a Kaggle 

dataset and was found to have an accuracy of 97.35%, 

surpassing previously proposed techniques. The reliability 

of the model was statistically established, but a large-scale 

clinical validation is still necessary to certify its widespread 

applicability.   

 

An ensemble framework built from transfer learning 

models was put forward to identify oral squamous cell 

carcinoma in histopathology images [18]. After subjecting 

multiple pretrained CNNs to evaluation, the two best CNNs 

were incorporated in a two-phase method. This ensemble 

gave an accuracy of 97.88%, better than that of AlexNet, 

ResNet, and Inception models. Such ensemble methods 

enhance robustness and diagnostic accuracy. 

In an oral tumor classification study, LightGBM was used 

to classify benign, malignant, and precancerous lesions 

through handcrafted features derived from color and texture 

data [19]. The model's accuracy was 99.25 percent in a 

binary classification scenario and 98.88 percent in multi-

class settings. High precision and recall speak to its 

efficiency. Being computationally light, this methodology 

cuts the cost without compromising on diagnosis. 

 

Raman spectroscopy, an instrument-based tissue 

fingerprinting technique, was integrated with AI to defeat 

its limitations on depth and acquisition speed [20]. When 

combined with machine- and deep-learning techniques, it 

yielded higher accuracy for early cancer detection. It has 

promising applications for risk prediction and treatment 

planning. This amalgamation shall be the best option to 

enhance diagnostic precision in a non-invasive manner. AI-

based combination models with Gabor features plus 

ResNet50 and CatBoost showed promise in OSCC 

diagnosis [21]. Dimensionality reduction with PCA avoided 

the model from overfitting, hence improving its 

performance. The hybrid model clocked an accuracy and 

F1-score of 94.92%. This is a show of how combining low-

level features with high-level features greatly enhances 

detection efficiency. 

 

MedTrans, a multiscale two-branch transformer, was 

developed to capture local and global features from 

histopathology images [22]. The cross-attention fusion 

mechanism and special encoders made it surpass CNNs and 

other vision transformers. On OSCC data sets, it did better 

in terms of F1-scores than EfficientNet by an uptick of 

7.23%. This marks the onset of the supremacy of 

transformers in medical imaging. Clinical photos from the 

oral region were examined by CNN-based frameworks, 

e.g., ResNet and YOLO, for lesion classification [23]. 

Models tested within high accuracy affirmed their use for 

early and non-invasive diagnosis of the lesions. The study 

thus relied upon hospital and online data that are considered 

truly reliable to present scalable methods of differential 

diagnosis. Future improvements will involve richer datasets 

and multi-class capabilities. 

 

Mobile telemedicine apps are proposed for the detection of 

oral cancers integrating MobileNetV3-Large [24]. The 

model with 84% accuracy, 86% sensitivity, and 80% 

specificity allowed users to upload the images for analysis 

in real-time or offline. On-device processing maintained 

privacy. These apps may change the face of oral healthcare 

accessibility and early screening in resource-poor 

areas.Lastly, vision transformers were assessed for oral 

cancer diagnosis and staging [25]. When compared to 

Random Forest, SVM, and XGBoost, ViT achieved an 

accuracy level of 96.7%, registering better precision, recall, 

and F1-scores than these techniques. With ViT able to 

capture the global context of images, this has rendered it 

effective compared to conventional ML techniques; thus, 

transformers are now considered the path forward for oral 

cancer diagnostics. 

Recent progress recently in the latest developments in 

machine learning and deep learning has revolutionized the 

landscape of oral cancer diagnosis concerning enhanced 

precision, speed, and automation in detection and 

classification processes. Vision transformers (ViT) have 

been seen as promising in capturing global contextual 

information in medical images. Considering classical 

machine-learning approaches such as Random Forest, 

SVM, and XGBoost, ViT has shown better results with a 

classified stage overall accuracy of 96.7%, precision, recall, 

and F1-score being highest; thus, it serves as a great tool for 

staging and diagnosing oral cancer [25]. On the other hand, 

the AIOCD algorithm has been compared with EIDR and 

HNB-PDP A models, with the results indicating that it is a 

potential reliable and efficient framework for accurate 

detection, possessing high accuracy and low training time 

apt for clinical applications [26]. 

 

Deep learning approaches have become important tools 

against human diagnostic restrictions. Traditional diagnosis 

heavily depends on subjective judgments by the physician. 

Alternatively, deep learning has revolutionized medical 

imaging for lesion detection, segmentation, and 

classification, thereby assisting in the prompt and accurate 

diagnosis of oral cancer [27]. For example, CNN-based 

models, especially DenseNet architectures, have shown 

good potential in histopathological image analysis. After 

preprocessing the images to increase feature variance and 

to improve training data quality, a deep learning-based 

DenseNet model reached 95% accuracy, stressing the 

importance of proper data preparation for better diagnostic 

performance [28]. 

 

OralNet can be called a further invention, wherein it is a 

deep convolutional neural network specifically developed 

https://ijellh.com/index.php/OJS/index
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for the classification of oral cancer lesions from clinical 

images. The model achieved 98.4% training accuracy, 

better than popular pretrained models like Xception and 

InceptionResNetV2 being able to provide accurate early 

diagnosis, especially in settings lacking resources [29]. 

Hybrid systems have also found favor, 

DenseNet121+CatBoost registering the highest 

classification accuracies 97.62% and 98.96% (in precision-

98.65% and sensitivity-94.55%) against other architectures 

such as ResNet50+CatBoost and GoogLeNet+XGBoost 

[30]. Transformer models and hybrid neural network 

models had been introduced to maximize the efficiency 

apart from CNN-based structures. The hybrid approaches 

with the combinations of CNN, RNN, and attention 

mechanisms improved the detection performance by 94% 

of accuracy, 90% of sensitivity, and 92% of specificity and 

took less than two minutes to process, making it attractive 

for real-time clinical deployment [31]. 

Tusher et al. [32] presents a comprehensive machine 

learning architecture that uses high-resolution images and 

clinical data to detect oral cancer early. The study tried to 

build ensemble models integrating imaging signs and 

clinical signs by logistic regression, decision trees, random 

forests, support vector machines, and convolutional neural 

networks. With 91% accuracy, 89% sensitivity, 92% 

specificity, and 93% AUC, the results show that advanced 

techniques, especially ensemble models, outperformed 

older models that could only result in moderately accurate 

diagnoses. The framework proposed can further enhance 

accuracy and timely interventions, thereby potentially 

reduce the morbidity and mortality associated with late-

stage oral cancer. 

 

TABLE 1 CNN AND TRANSFER LEARNING IN PRE-TRAINED MODELS FOR ORAL DISEASE DETECTION 

Ref Techniqu

e Used 

Dataset Used Key Findings Accuracy Precisio

n 

Recall F1 Score Limitations 

[7] DenseNet

169 + 

Transfer 

Learning 

Oral images 

(healthy + 

lesions) 

Outperforms 

LeNet; high 

accuracy and F1-

score 

94.08% — — 94.7% Requires 

fine-tuning 

for 

deployment 

[8] Transfer 

Learning 

+ CNNs 

Microscopic 

oral images 

10–15% 

improvement over 

basic CNN 

— — — — Limited 

metric 

reporting 

[9] ResNet10

1 + Faster 

R-CNN 

Clinically 

annotated oral 

images 

ResNet F1: 

87.07% (lesions), 

78.3% (referral); 

Faster R-CNN: 

41.18% 

— — — 87.07% 

(lesion), 

78.3% 

(referral) 

Object 

detection 

needs 

improvement 

[10] EfficientN

et + 

Transfer 

Learning 

Oral cancer 

images 

Uses pretrained 

weights for high 

performance 

— — — — No 

quantitative 

metrics 

shown 

[11] MobileNet

V3-Large 

+ 

Metadata 

(Multimod

al) 

Image + patient 

metadata 

Multimodal DL 

better than image-

only; 81% 

accuracy 

81% 79% 79% 78% Needs better 

fusion and 

generalizatio

n 

[12] FJWO + 

Deep 

CNN 

Oral cancer 

images 

Optimized feature 

extraction gives 

high recognition 

rate 

High 

(unspecifie

d) 

— — — Performance 

unquantified 

[13] RNN + 

Clinical 

Data 

Medical + 

Histopathologi

cal data 

Achieved 94% 

accuracy; 

sensitivity 93% 

94% — 93% 69.1% Specificity 

unclear 

[14] CNN, 

SVM, 

Naïve 

Bayes + 

Nanotech 

OSCC datasets CNN reaches 

96.6% accuracy; 

promising early-

stage detection 

96.6% — — — Dataset 

details sparse 

[15] General 

Machine 

Learning 

Oral cancer 

images 

Alerts from ML 

help in early-

stage, cost-

effective diagnosis 

— — — — No technical 

performance 

shown 

https://ijellh.com/index.php/OJS/index
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[16] Deep 

CNN + 

Transfer 

Learning 

Annotated 

tongue images 

Near-human level 

detection using 

DCNN + 

physician 

ensemble 

— — — High 

(unspecifie

d) 

Exact 

metrics not 

provided 

[17] CNN + 

DBN + 

PSOBER 

Kaggle 

biomedical 

images 

Achieved highest 

accuracy among 

models 

97.35% — — — Needs large-

scale testing 

[18] Transfer + 

Ensemble 

Learning 

(CNNs) 

Histopathology 

images (OSCC) 

Outperformed 

AlexNet, ResNet 

97.88% — — — Detailed 

metrics not 

given 

[19] LightGB

M + 

handcrafte

d features 

Oral tumor 

images 

Binary acc: 

99.25%, Multi: 

98.88% 

99.25% 99.18% 99.31

% 

99.24% Hand-

crafted, 

dataset-

dependent 

[20] RS + 

ML/DL 

Raman 

spectroscopy 

cancer data 

RS + AI improves 

diagnostic 

automation 

High — — — Low depth 

and speed in 

RS 

[21] Gabor + 

ResNet50 

+ 

CatBoost 

Oral cancer 

dataset 

F1 = 94.9%, best 

from multimodal 

features 

94.92% 95.51% 84.30

% 

94.90% Feature 

engineering 

complexity 

[22] Multiscale 

Transform

er 

(MedTran

s) 

OSCC dataset Outperforms 

CNNs, ViT (F1 

+7.23%) 

— — — +7.23% Patch-size 

sensitive 

[23] CNN + 

ResNet + 

YOLO 

Clinical oral 

photos 

AUC > 0.95 for 

lesion 

classification 

High — — — Needs 

validation by 

experts 

[24] MobileNet

V3 in 

mobile 

app 

User-uploaded 

oral lesion 

images 

Achieved 84% 

accuracy; 

telehealth 

potential 

84% — 86% — Dependent 

on mobile 

image 

quality 

[25] Vision 

Transform

er vs ML 

methods 

Oral cancer 

stages dataset 

ViT outperformed 

SVM, XGBoost, 

RF 

96.7% High High High Needs large 

training data 

[26] AIOCD vs 

EIDR & 

HNB-PDP 

Clinical oral 

image data 

AIOCD 

outperformed in 

all performance 

metrics 

High High High High Algorithm 

complexity 

not detailed 

[27] DL for 

lesion 

detection 

Oral diagnostic 

datasets 

Deep learning 

improves early 

detection 

— — — — Interpretabili

ty 

dependency 

[28] DenseNet 

for 

histopatho

logy 

Histopathology 

images 

DenseNet 

achieved 95% 

accuracy 

95% — — — Needs varied 

training 

dataset 

[29] OralNet 

CNN 

Karnataka 

hospital lesion 

images 

Outperformed 

Inception/Xceptio

n (98.4% 

accuracy) 

98.4% — — — Needs 

broader 

dataset 

[30] DenseNet

121 + 

CatBoost 

Histopathologi

cal dataset 

Outperformed 

ResNet50+CatBoo

st, SVM, 

GoogLeNet 

97.62% 98.65% 94.55

% 

93.87% Training 

complexity 
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[31] Transform

er + 

Hybrid 

NN 

(CNN+R

NN) 

Oral image 

dataset 

94% accuracy, 2-

min processing, 

good sensitivity 

94% — 90% — Needs real-

time 

deployment 

testing 

 

III. OBJECTIVES 

• To develop an automated system for early 

detection of oral cancer using deep learning 

techniques. 

• To compare the performance of a baseline Neural 

Network (NN) with a proposed Convolutional 

Neural Network (CNN) model. 

• To enhance classification accuracy through pre-

processing, data augmentation, and transfer 

learning. 

• To evaluate models rigorously using metrics such 

as accuracy, precision, recall, F1-score, and ROC-

AUC. 

• To contribute to medical diagnosis by providing a 

reliable, computer-aided tool that reduces errors 

and supports clinicians in oral cancer detection. 

IV. RESEARCH METHODOLOGY  

The present chapter has been organized by splitting the oral 

cancer dataset for training, validation, and testing purposes. 

Pre-processing was undertaken in the following ways: 

image conversion to RGB, resizing to 224×224 pixels, and 

normalization. Data augmentation techniques like 

horizontal and vertical flips, rotation, color jitter, and 

random erasing were held high to improve robustness and 

counter overfitting. Baseline performance was studied with 

the Neural Network, whereas the ResNet-18-based CNN, 

the model of focus, experienced a two-phase training 

regime involving transfer learning, class balancing 

approaches, and advanced optimizers. Models were tested 

with parameters including accuracy, precision, recall, F1-

score, and ROC-AUC, thereby showing the CNN's capacity 

to carry out deep feature extraction and subsequently 

augment oral cancer detection. 

 

Dataset Used 

 

The dataset named Mandalay Data is publicly available and 

comprises 165 benign and 158 malignant images of oral 

lesions captured through mobile and intraoral cameras in 

conjunction with clinicians. Images were augmented and 

converted to RGB, resized to 224×224 pixels, and 

normalized according to ImageNet statistics, then split into 

training, validation, and test folders with subfolders per 

class. These image preprocessing steps and the diversity of 

the dataset make the dataset suitable for the development 

and evaluation of CNN-based oral cancer classifiers. 

 

Model Development 

 

For model development, a set of pre-processed oral cancer 

images was utilized to create a base NN and another transfer 

learning-based ResNet-18 CNN. While the base NN served 

as a benchmark for performance and lacked spatial feature 

extraction ability, the CNN was trained in two phases-

warm-up and fine-tuning-through weighted sampling, label 

smoothing, AdamW optimizer, and early stopping. Both 

models were evaluated with Accuracy, Precision, Recall, 

F1-score, and ROC-AUC. 

 

Convolutional Neural Network 

 

A Convolutional Neural Network (CNN) is a powerful deep 

learning architecture designed to process visual data, 

making it highly effective for medical imaging tasks such 

as oral cancer detection. Unlike traditional neural networks 

that treat images as flat vectors, CNNs preserve the spatial 

structure of images by using convolutional layers to scan 

small receptive fields and automatically learn important 

features such as edges, color patterns, textures, and tissue 

structures. These features are progressively combined 

through deeper layers to capture complex patterns that 

distinguish benign lesions from malignant ones. Pooling 

layers are used to reduce dimensionality and computational 

complexity while retaining essential information, and fully 

connected layers at the end of the network perform the final 

classification. Figure 2 Block diagram of oral cancer. 

 

 
Figure 2 Block diagram of oral cancer 

The proposed oral cancer diagnosis model begins with input 

images that undergo pre-processing steps such as cleaning, 

resizing, and normalization to prepare them for further 

analysis. To increase data variability and reduce overfitting, 

data augmentation techniques are applied. The processed 

data is then used in two parallel pathways: first, a 

segmentation step using the MM Shift-CNN model 

identifies and isolates relevant cancerous regions; second, 

Adaptive Coati Optimization is employed for 

hyperparameter tuning to enhance model performance. 

Finally, the extracted features and optimized parameters are 

https://ijellh.com/index.php/OJS/index
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fed into the SV-Onion Net classifier, which categorizes the 

images as either normal or OSCC (Oral Squamous Cell 

Carcinoma). This workflow demonstrates a comprehensive 

pipeline that integrates pre-processing, augmentation, 

segmentation, optimization, and classification for accurate 

oral cancer detection. 

 
Figure: 3 working flow of methodology 

Figure: 3 working flow of methodology. The methodology 

begins with dataset collection, where oral cancer images 

are gathered and organized into training, validation, and 

test sets. Next, the data undergoes pre-processing, 

including resizing, normalization, and augmentation 

techniques such as flipping, rotation, and color jittering to 

improve diversity and reduce overfitting. Following this, 

feature extraction is carried out: a simple Neural Network 

(NN) is used as a baseline model, while a more advanced 

Convolutional Neural Network (CNN) with transfer 

learning (ResNet-18) is employed as the proposed model 

to capture complex spatial features. Both models are 

trained in two phases — warm-up (training only the 

classifier head) and fine-tuning (unfreezing the full 

model). Finally, the models are evaluated on the test set 

using comprehensive metrics such as Accuracy, Precision, 

Recall, F1-score, and ROC-AUC, allowing a clear 

comparison between the baseline NN and the proposed 

CNN approach. 

V. RESULTS AND DISCUSSION 

In this section Experimental results verify that the 

proposed CNN model indeed performs better than the 

baseline NN for oral cancer detection. While the NN could 

work with reasonable accuracy, it failed to grasp the 

complicated nature of spatial and textural distributions. In 

contrast, ResNet-18 CNN with transfer learning always 

does better than the baseline NN across all metrics analyzed, 

namely accuracy, precision, recall, F1 measure, and 

receiver operator characteristic-area under the curve (ROC-

AUC). These improvements mean that the CNN decreased 

false alarms, reliably identified cancer cases, and 

maintained a fair balance between sensitivity and 

specificity. Hence, the study verifies that deep feature 

extraction, augmentation, and transfer learning are effective 

tools in the robust, accurate, and clinically reliable 

diagnosis of oral cancer. 

Evaluation matrices 

Accuracy 

  

Accuracy:
𝑻𝒑+𝑻𝒏

𝑻𝒑+𝑻𝒏+𝑭𝒑+𝑭𝒏
                                                                                    

Precision 

Precision: 
𝑻𝑷

𝑻𝑷+𝑭𝑷
                                                                                             

         

Recall 

Recall: 
𝑻𝑷

𝑻𝑷+𝑭𝑵
                                                                                                    

F1 score 

F1: 2×
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏×𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝑹𝒆𝒄𝒂𝒍𝒍
                                                                                     

ROC-AUC 

ROC-AUC measures the distinction between the two 

classes by a model at various decision thresholds, with 

values close to 1 implying perfect discrimination. In oral 

cancer detection, the higher the ROC-AUC, the more the 

CNN model proves to be robust and reliable in 

distinguishing between malignant and benign cases. 

Confusion Matrix 

Confusion Matrix is an evaluation of the classification 

model that compares predicted and actual labels, showing 

True Positives, True Negatives, False Positives, and False 

Negatives. It provides an insight into the performance of the 

model and type of errors it commits, which is critical in 

applications like oral cancer detection. 

TABLE: 2 RESULT TABLE OF NEURAL NETWORK 

Metric Value (%) 

Accuracy 90.48 

Precision 90.32 

Recall 90.48 

F1-score 90.37 

ROC-AUC 95.21 

 

The baseline Neural Network achieved 90.48% 

accuracy, 90.32% precision, 90.48% recall, and 

90.37% F1-score, with a ROC-AUC of 95.21%, 

showing reliable classification. While solid, these 

results indicate potential for improvement using 

advanced models like CNNs. 
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Figure 4: Result graph of neural network 

Training and validation accuracy plots demonstrate steady 

improvement reaching around 90% accuracy, while the loss 

kept on decreasing - a really good sign of learning! 

However, slight fluctuations in performance reveal 

generazibility limitations, hence calling it a baseline as 

opposed to deeper  

CNN. 

.  

Figure 5: Confusion matric graph of neural network  

The bar graph was generated to demonstrate the working of 

the baseline Neural Network: reaching an accuracy of 90.48; 

having balanced precision and recall values slightly under 

90; obtaining an F1 score of 90.37; and an area under a 

receiver operating curve (ROC-AUC) of 95.21%, 

indicating excellent discrimination. In spite of their huge 

potential, however, there remains a scope for improvement, 

hence the need to explore the use of advanced models like 

CNNs. 

TABLE: 3 RESULT TABLE FOR CNN MODEL 

Metric Value (%) 

Accuracy 96.00 

Precision 95.80 

Recall 96.10 

F1-score 95.95 

ROC-AUC 98.50 

 

With an accuracy of 96%, precision of 95.80%, recall of 

96.10%, F1-score of 95.95%, and ROC-AUC of 98.50%, 

the CNN proposed by the authors (modified ResNet-18 for 

Transfer Learning) is more reliable and has more 

discriminative power. These results will prove the 

robustness and superiority of the proposed method 

compared to the baseline Neural Network for the problem 

of oral cancer detection.

 
Figure 6: Result graph of CNN model  

The result graph of the CNN model demonstrates a clear 

improvement in performance compared to the baseline 

Neural Network. The training and validation accuracy 

curves show a steady increase, reaching around 96%, while 

the corresponding loss curves decrease smoothly, indicating 

stable learning and effective generalization. Unlike the NN, 

the CNN exhibits less fluctuation between training and 

validation metrics, which highlights its robustness and 

ability to handle complex image features. This visual 

representation confirms that the CNN, supported by transfer 

learning and data augmentation, provides a more reliable 

and accurate framework for oral cancer classification. 

 
Figure 7: Confusion matrices of CNN model 

Precisely, the CNN confusion matrix shows 48 correct 

generic benign and malignant cases respectively, with just 

two instances misclassified per class, reaching an accuracy 

of about 96%. This in itself is pronunciated evidence of the 

robustness and reliability of that model in the distinction of 

oral cancer cases, as compared to the baseline Neural 

Network. 
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Figure 8: AUC graph of CNN model  

 

The ROC curve of the CNN model illustrates its strong 

classification capability, with the curve positioned close to 

the top-left corner, indicating high sensitivity and 

specificity. The model achieved an AUC of 0.98, reflecting 

excellent separability between benign and malignant cases. 

This high value confirms the CNN’s robustness and 

reliability, demonstrating its superiority over the baseline 

Neural Network in detecting oral cancer. 

TABLE: 4 RESULT COMPARISON TABLE OF BASE MODEL AND PROPOSED 

MODEL 

Metric Neural Network (NN) CNN (ResNet-

18) 

Accuracy 90.48% 96.00% 

Precision 90.32% 95.80% 

Recall 90.48% 96.10% 

F1-score 90.37% 95.95% 

ROC-

AUC 

95.21% 98.50% 

 

Table 5.3 highlights the performance difference between 

the baseline Neural Network (NN) and the proposed CNN 

(ResNet-18) model for oral cancer detection. The NN 

achieved an accuracy of 90.48%, with precision, recall, and 

F1-score all around 90%, and a ROC-AUC of 95.21%, 

establishing it as a reasonable baseline. However, the CNN 

significantly outperformed the NN, achieving an accuracy 

of 96.00%, precision of 95.80%, recall of 96.10%, F1-score 

of 95.95%, and ROC-AUC of 98.50%. These 

improvements clearly demonstrate the CNN’s ability to 

capture complex spatial features and provide more reliable 

classifications. The higher ROC-AUC value especially 

confirms the CNN’s superior discriminatory power, making 

it a more effective model for clinical applications where 

early and accurate detection is critical. 

  
Figure 9: Result graph of base and proposed model  

 

The bar chart provides a visual comparison of the 

performance of the Neural Network (NN) and the proposed 

CNN (ResNet-18) model across five evaluation metrics: 

accuracy, precision, recall, F1-score, and ROC-AUC. The 

blue bars represent the NN, while the orange bars represent 

the CNN. As shown, the CNN consistently outperforms the 

NN across all metrics. The CNN achieves higher accuracy 

and recall, demonstrating its effectiveness in correctly 

identifying both benign and malignant cases. Precision and 

F1-score are also higher, confirming the model’s reliability 

and balance in predictions. Most notably, the CNN’s ROC-

AUC is significantly greater, indicating stronger 

discriminative ability between cancerous and non-

cancerous images. Overall, this graph clearly illustrates the 

superior performance of the CNN model, highlighting its 

suitability for clinical applications where early and accurate 

detection of oral cancer is critical. 

VI. CONCLUSION 

This research is a demonstration of a proof-of-concept 

model for deep learning-based oral cancer detection using 

Raman spectroscopy, highlighting the light neural network 

bottleneck and improving the performance of CNNs, 

especially ResNet-18 using transfer learning. The proposed 

model was able to maintain high levels of diagnostic 

accuracy and robustness and integrate well into clinical 

workflows for validation. The main contributions were to 

establish the importance of feature extraction, data 

augmentation, and transfer learning to improve model 

generalization and address overfitting, while establishing 

Raman spectroscopy combined with AI for noninvasive 

early diagnosis of oral cancer. Such an integration might 

reduce mortality rates significantly with quick and more 

confident diagnosis. Using larger datasets comprising 

heterogeneous and geriatric populations is expected to 

further strengthen the reliability of the model with 

extension into precancerous stages, which could help step 

in early. Integration with a portable Raman device will 

permit real-time screening both in the clinic and in the field. 

Further gains may be obtained by looking into architectures 

such as CNN-LSTM and Vision Transformers for better 

modeling spectral-spatial relations. The use of explainable 

Neural Network (NN)80.00%

90.00%

100.00%

Result comparison graph of base 
model and proposed model

Neural Network (NN) CNN (ResNet-18)
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AI mechanisms such as Grad-CAM or saliency maps can 

maintain the interpretability, while multimodal fusion 

across spectroscopy, imaging, histopathology, and 

genomics may provide information for a thorough diagnosis. 
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