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Abstract: Oral cancer is one of the life-threatening diseases with a high mortality rate resulting from late diagnosis and limited 

access to expert screening due to specialized training. The available detection approaches, which are mainly based on visual 

observations and biopsied analysis, are invasive, time-consuming, and experience dependent. Therefore, a reliable and automated 

approach is needed to develop an efficient detection system. This study introduced the Dual-Attention MobileViT++ architecture, 

which integrates the multi-scale depthwise CNN backbone, the hybrid attention models, and the hierarchical MobileViT 

transformers to characterize the local lesion texture and global contextual patterns. The model was tested on the Kaggle public 

dataset with no additional modification and enhancement. The oral cancer dataset was modified through medical-grade 

augmentation to create more balanced datasets comprising about 981 images. Experimental results showed a promising 

performance, achieving approximately 99.93% accuracy with high precision, recall, and F1-score performed on the validation and 

test datasets. This result shows that the proposed architecture can generalize well and deliver reliable classification, suitable for 

oral cancer screening at an early stage. 
Keywords: Oral cancer detection, deep learning, MobileViT, dual attention, medical image classification, CNN–transformer 

hybrid, clinical decision support. 

 

1. Introduction 

Oral cancer, especially oral squamous cell carcinoma (OSCC), is an important worldwide health problem and 

represents most head and neck cancers. Followed by high morbidity and mortality, particularly in late stages of disease. 

Immunocytes discovery can contribute to early detection, which is an important leading factor in increasing survival 

rates as well as treatment efficacy. However, conventional diagnostic approaches, primarily clinic examination for 

biopsy determination, are invasive, time-consuming and quite dependent on trained expert knowledge [1]. In such 

areas, especially in low-resource settings, inadequate access to trained health care professionals and diagnostic 

facilities delays accurate diagnosis even more, leading to poor outcomes for patients [2]. 

Recent years have seen great potential for intelligent medical imaging diagnosis in the development of artificial 

intelligence (AI) and deep learning. CNN achieved the plate to detach the oncological information (texture and color) 

of clinical images, which have shown promising in automatic diagnosis of oral lesion [9]. However, typical CNNs 

models don’t have effective abilities to encode long range spatial dependencies and global context information. To 

solve this, models have been proposed based on transformers which are good at learning global information in images 

[4]. Hybrid CNN–transformer models have consequently become popular solution., as local obstructiveness and global 

context awareness can be combined to improve diagnostic accuracy [5]. 

Despite these developments, there are still many challenges. Most of these models are based on single-stage 

attention mechanism or insufficient feature aggregation, leading to low sensitivity for surface and early-stage lesion 

detection. However, many medical related tasks are challenged by small dataset sizes and class imbalance that causes 
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overfitting and no trustworthy predictions [6]. These constraints emphasize that a more powerful multi-scale lesion-

aware architecture with higher efficiency and generalization ability is necessary. 

The main contribution of this work is to create a reliable and efficient deep learning framework for accurate 

classification of oral cancer using clinical images. This work is motivated to alleviate the shortcomings of models by 

incorporating multi-scale feature extraction, dual attention mechanisms and hierarchical transformer modules. By 

integrating these parts, well designed integration can be processed to achieve greater sensitivity of detecting early 

 abnormal mucosa, increase the global muco-sal context awareness and more reliable pathological prognosis 

on cancerous suspect. 

Key Contributions 

The key contributions of this study are as follows: 

1. Dual-Attention Architecture: A new hybrid model that integrates channel–spatial attention and 

efficient channel attention for improving the lesion-specific information in different network depths. 

2. Multi-Scale Residual CNN Backbone: A light depthwise-separable CNN architecture with residual 

connections to preserve fine texture details and partially recover computational efficiency. 

3. Hierarchical MobileViT Integration: Two-stage MVITs to capture both the mid-level and global 

contextual information for better classification. 

4. Improved Training Strategy: A novel hybrid loss that joins the focal loss, supervised contrastive 

learning for better class separation and robustness. 

5. Strict Cross-Validation Procedure: Stratified cross validation, external testing and statistical analysis 

to guarantee performance is robust and reproducible. 

The rest of this paper is structured as follows. Section 2 discusses related works of the recent deep learning 

methods on oral cancer detection. The proposed dual-attention MobileViT-based approach is detailed in Section 3. 

Section 4 describes the implementation details, including hardware, software, dataset and training settings. The 

experimental results and comparative performance study are given in Section 5. Section 6 concludes the paper and 

discusses future work. 

2. Literature Review 

Oral squamous cell carcinoma (OSCC) is one of the most frequent, yet fatal oral malignancies in the world and 

has been ranked as one of the major causes of cancer-related deaths. Even with treatment improvements, survival is 

poor given that many cases are diagnosed at late stage. Early detection is crucial to patient prognosis, but current 

diagnosis methods such as biopsies usually require invasive procedures, are time-consuming and subject to expert 

interpretation. To overcome these limitations, more recently developed deep learning methods such as 

MaskMeanShiftCNN and SV-OnionNet similarly propose to analyze histopathological images by estimating color, 

texture, and contour-based features. As compared with previous methods, our models have shown better accuracy, 

sensitivity and specificity between tumour regions and non-tumour epithelium, indicating the promising future of 

automatic system for finding OSCC [1]. 

In addition to histopathology-based studies, more multimodal images were introduced that consider patient 

metadata along with clinical images. Conventional single modality imaging generally is less reliable, particularly in 

discerning benign from potentially malignant lesions. A multi-model deep learning pipeline, with included image level 

features and patient information, was superior for classification performance, in which MobileNetV3-Large was the 

best pre-trained model. These approaches also show how patient specific knowledge can aid in making diagnosis more 

accurate and better support clinical decision [2]. However, the impact of deep learning is more decisively shown 

through systematic reviews on oral cancer detection studies, which report accuracy of 100% in various architectures 

and datasets. These results show that deep learning can greatly promote lesion classification, segmentation and 

prognosis prediction [3]. 

Quickly, artificial intelligence has become one of the transformative technologies for oral cancer detection; and 

allows automatic screening that is more consistent and faster. Aspects of AI-based diagnostic tools are found to have 

utilized deep learning, conventional machine learning, fuzzy logic, and genetic algorithms on distinct imaging 
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modalities. Of all those, deep learning-based techniques occupy a substantial portion in recent studies, which has 

reflected their increasing popularity within the context of automatic diagnostic. In general, it has been reported that 

AI systems have the potential to improve diagnostic accuracy and to decrease variability between clinicians [4]. On 

the other hand, comparisons between different machine learning methods show issues related to variable datasets and 

performance measures. Although the sensitivity reported in most studies have been greater than 85% and accuracies 

higher than 90%, it is difficult to compare outcomes directly due to absence of standard test data. To overcome this 

problem, advanced approaches including attention mechanisms, multitask learning and fusion strategies have 

been elaborated to enhance the robustness and uniformity in OSCC delineation [5]. 

Segmentation of oral lesions, and other ‘segments based on shape and texture have become more important in 

CAAAD since precise boundaries of lesion help treat competitively, planning therapists and monitoring the disease. 

A supplemented Reformer model learnt on labeled oral mucosal disease images achieved better results than the 

existing segmentation models including U-Net and DeepLabV3. The method reached higher Dice and mIoU scores, 

being capable of accurately distinguishing between erosive and blistering lesions, thus facilitating clinical practice [6]. 

It is also relative to the effectiveness of attention-based feature refinement for early OSCC detection [7] because there 

are some literatures presented impressive accuracy and F1-score with the extended EfficientNetB0 models combined 

with dynamic attention network in histopathological images research. 

Feature fusion and transfer learning methods have also been investigated for enhancing the predictability. A 

self-attention based fusion model of EfficientNetB0 and EfficientNetB1 achieved an accuracy of 98.83% for oral 

disease datasets, which addressed the inconsistency problem from trusted CNN models. This method emphasizes the 

need of combining complementary feature representations to achieve classification stability while preserving 

efficiency [8]. Further literature reviews on automated oral cancer detections also support the adoption of segmentation 

and classification pipelines based on capsule networks, Bayesian deep learning, and optimized CNN architectures. 

Performance evaluation in terms of Dice, Jaccard, precision, and sensitivity shows very promising potential for clinical 

deployment, yet some refinements and standardization are needed [9]. 

Improvement in conventional imaging as well as development of advanced imaging have also been investigated 

to improve the diagnostic accuracy. Hyperspectral imaging combined with deep-learning models has also 

demonstrated some potential in OSCC detection. A hybrid model based on local binary pattern features, VGG-16 and 

deep CNN achieved an accuracy of >96% associated with a high sensitivity and specificity. These results indicate the 

value of multimodal imaging and hybrid structure for better diagnostic performance [10]. 

Nevertheless, beyond being an indirect cancer detection endpoint, disease burdens in oral mucosal lesions serve 

as important background information for screening and diagnosis[11]. A review on lesion-targeted therapies reported 

that etiology-driven procedures result in better response and less recurrence, which stresses the urgency of combined 

care and customization ways [12]. In addition, age- and sex-specific variations in lesion prevalence are also present: 

the prevalence of some of these lesions increases with age, while others are more common at younger ages [13]. 

Recent research has also investigated the diagnostic power of deep learning with respect to clinicians. A 

YOLOv8-based model trained on intraoral images that involve multiple types of disease obtained performance near 

that (but also better than) oral surgeons, and better than general dentists as significantly improved. These results 

indicate that the deep learning models can be relied upon as clinical assistive tools for assessing oral lesions [14]. 

Meta-analyses of AI-aided imaging systems in oral cancer detection additionally revealed pooled sensitivity and 

specificity of 0.919 and 0.879 values respectively, with AUC estimates reaching ~0.98 indicative of the potential 

scalability of DL-supported screening strategies especially for underprivileged communities [15]. 

Clinical alertness and diagnostic steps also affect the early detection results. Investigation of several outpatient 

populations shows a high number of suspicious oral lesions versus low biopsy confirmation rates, underscoring deficits 

in patient knowledge and examination follow-up [16]. The review of diagnostic algorithms for oral soft-tissue lesions 

also reveals that most reported algorithms have not been validated, with coverage limited to only few lesions [17], 

reinforcing the necessity of more reliable and clinically test diagnostic tools. 

Oral lesion prevalence and risk factors have continued to be elucidated at the population level. Cross sectional-

based studies have reported a substantial burden of tobacco related lesions and potentially malignant disorders 

particularly in the older age groups [18]. In fact, some population-based studies have also demonstrated an association 

between the prevalence of lesions and level of education, smoking status, and history of other types of cancer which 

reflects the role played by socioeconomic and behavioral factors in shaping oral health outcomes as well [19]. 
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Uncommon but highly aggressive neoplasms such as oral mucosa melanomas also accentuate the necessity for better 

prognostication models, limiting survival based on size, nodal status and site of origin [20]. 

Object detection-based and triage-oriented deep learning models have also been established for preliminary 

diagnosis. Large clinical image datasets have been used to train YOLO based models which produce high precision 

and recall in benign, potentially malignant and malignant classes. Adding attention mechanisms leads to even higher 

detection 

accuracy, indicating the importance of spatial awareness in deep learning models for clinical triage [21]. 

Similarly, disease and treatment associated with oral complications such as radiotherapy induced microbial changes 

highlight the need for comprehensive oral care and monitoring during cancer therapy [22]. 

Other epidemiological studies show differences in lesion distribution by sex, age group and systemic diseases, 

also indicating the heterogeneity of patterns of oral mucosal diseases [23]. The reported reviews of oral mucosal 

toxicities of cancer therapies clearly points out the requirement for supportive measures that would also not cause 

compromising anticancer efficacy, thus making precision focused on oral care a necessity [24]. 

Recent deep learning-based models that used CNN combined with transformer-based contextual models that 

performed well for clinical oral cancer datasets, outperforming many popular networks. These lightweight models 

appear to be viable for the deployment of AI-based screening workflows in real-world clinical care [25]. Indeed, 

worldwide epidemiological studies also verify the increasing incidence of lip and oral cavity tumors, especially in 

particular areas domestically that argue for better screening and preventive interventions [26]. Alcohol intake and 

other lifestyle factors still play a substantial role in the global burden of disease with geographic and gender differences 

[27]. 

Temporal trend analyses of the incidence of oral cancer show increase, predominantly in younger age-groups 

and certain areas, suggestive of a demographic "drift" in the pattern of this disease [28]. Oral complications because 

of the cancer disorder continue to be prevalent with treatment and necessitate closely coordinated multidisciplinary 

care by oral health practitioners [29]. The Management of oral cancer When it comes to oral cancer comprehensive 

reviews highlight the importance of early diagnosis, proper staging and multimodal approaches in management to 

improve patient's outcomes [30]. 

At an international level, research organizations promote comprehensive oral health research agendas in 

conjunction with worldwide health strategies concerned with better prevention, detection and treatment [31]. However, 

differences in the quality of care remain among the socioeconomic regions despite improvements in global care indices 

[32]. Here, artificial intelligence and precision medicine represent promising directions of prospective use that might 

help for early diagnosis, personalized treatment, marker characterization though those would have to be solved in term 

of privacy, bias or transparency regarding a safe deployment [33]. 

3. Methodology 

 

 

 

 

 

 

 

 

 

 

3.1 Proposed architecture 
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Figure 1: Proposed CNN–SE–MobileViT Architecture for Oral Cancer Classification 

Figure 1 provides an overview of the design of the deep learning model for oral cancer diagnosis. The oral 

image input is initially managed with a CNN to obtain local spatial features. The convolution is given by: 

 

where �is the input image, ��is the convolution kernel for the ��ℎfeature map, ��is the bias term, and 

�� represents the output feature at location (�, �). 

The features are then forwarded to a Squeeze-and-Excitation (SE) block to learn channel-wise attention. The 

squeeze operation aggregates global context which is obtained through the global average pooling process and the 

following enhances its discriminative ability: 

 

where ��(�, �)is the activation at spatial location (�, �)of channel �, and �and �represent height and width 

of the 

feature map. 

The excitation stage generates channel weights using two fully connected layers: 

𝑠��=�𝜎�(𝑊�2�⋅�𝛿�(𝑊�1�⋅�𝑧�)) 

where �is the squeezed vector, �1and �2are weight matrices, �is the ReLU activation, and �is the sigmoid 

function. 

The reweighted feature map is then processed by the MobileViT module to learn global contextual relationships. 

The final classification is performed using the softmax function: 
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where ��is the logit for class �, and �is the total number of classes (cancer and non-cancer). 

 

Figure 2: Multi-Scale Attention-Based MobileViT Fusion Architecture 

This figure presents enhanced architecture incorporating depth wise CNN layers, attention modules, MobileViT 

blocks, and gated fusion. The depth wise convolution separates spatial and channel filtering to reduce computational 

complexity. The depth wise convolution operation is expressed as: 

 

where �is the input tensor, �is the depthwise kernel, and �represents the channel index. 

Attention mechanisms such as CBAM or ECA are used to refine features. The channel attention in CBAM is 

computed as: 

𝑀�𝑐�(𝐹�)�=�𝜎�(𝑀�𝐿�𝑃�(𝐴�𝑣�𝑔�𝑃�𝑜�𝑜�𝑙�(𝐹�))�+�𝑀�𝐿�𝑃�(𝑀�𝑎�𝑥�𝑃�𝑜�𝑜�𝑙�(𝐹�))) 

where �is the input feature map, ���is the shared multilayer perception, and �is the sigmoid activation. 

Feature fusion combines CNN and MobileViT outputs using a gated mechanism: 

𝐹�𝑓�𝑢�𝑠�𝑒�𝑑��=�𝛼��⋅�𝐹�𝐶�𝑁�𝑁��+�(1�−�𝛼�)�⋅�𝐹�𝑉�𝑖�𝑇� 

where ����and ���� represent features from CNN and MobileViT branches, respectively, and �is the learned 

gating coefficient. 

Finally, classification is performed using the softmax function: 

 

where ��denotes the class score. 
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Figure 3: CST-CNN++ Multi-Scale Attention Classification Model 

Figure 3 depicts the CST-CNN++ architecture which incorporates multi-scale convolution, attention 

mechanisms and a global average pooling for classification. Multi-scale convolution, extracts feature at various 

receptive fields: 

𝐹��=�𝐶�𝑜�𝑛�𝑣�3×3(𝑋�)�+�𝐶�𝑜�𝑛�𝑣�5×5(𝑋�)�+�𝐶�𝑜�𝑛�𝑣�7×7(𝑋�) 

where �is the input feature map and the outputs of different kernel sizes are combined to capture both local 

and global 

patterns. 

Attention is applied using a gating attention operator (GAO): 

𝐹�′�=�𝐹��⋅�𝜎�(𝑊�𝑎�𝐹��+�𝑏�𝑎�) 

where �and ��are attention weights and bias, and �is the sigmoid function. 

The DropPath regularization randomly drops paths during training, expressed as: 

 

where �is the drop probability and �is a Bernoulli mask. Global average pooling converts the feature map into 

a vector: 

 

where �� is the pooled feature for channel �. 

The final prediction is generated using the softmax classifier: 
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where ��represents the logit for class �. 

This architecture leverages multi-scale features, attention refinement, and global context learning to achieve 

accurate oral cancer classification. 

3.2 Proposed algorithm 

3.2.1 Algorithm 1: Multi-Center Dataset Preparation and Robust Preprocessing 

 

Algorithm 1 presents a standard pipeline for building a clinically reliable database by fusing oral lesion images 

from OCI and another (at least) hospital to mitigate single center and geographic bias. After duplicates and low-quality 

samples are excluded, labels are harmonized by a single annotation protocol to guarantee the same nomenclature 

between centres. In the images some illumination normalization (Gray-World or Shades-of-Gray) is performed to 

reduce lighting artefacts and then they are resized and their pixels are normalized for the model. Medical-grade 

augmentations, \eg color jitter, CLAHE, Gaussian noise, lesion-preserving crops and lesion-safe random erasing are 

only performed on the training folds. The dataset is then divided using stratified 5-fold cross-validation, and an 

independent external test set from a different center is left out to give a realistic generalization estimation without 

patient overlapping. 
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3.2.2 Algorithm 2: Dual-Attention MobileViT Framework (LightSE–MobileViT++) 

 

The proposed LightSE–MobileViT++ pipeline which jointly captures the local lesion texture and global 

contextual cues for oral cancer classification is then described in Algorithm 2. The input image is fed into a lightweight 

depthwise-separable CNN backbone to efficiently retain the fine-grained mucosal textures and the residual shortcut 

connections preserve immediate level information and enhance gradient flow. Dual attention is employed in a two-

stage manner: an early CBAM module boosts relevant color and texture features using combined channel–spatial 

focus, and a mid-level ECA/GroupSE module enhances discriminative channels prior to transformer processing. 

Subsequently, two hierarchical MobileViT stages teach medium scale and global dependencies, making it possible for 

the model to capture lesion boundaries, spread patterns, as well as contextual information. Last but not the least, gated 

fusion adaptively blends CNN and transformer features to prevent local texture or global semantics from 

overwhelming them, and a softmax layer takes CT image into input while outputs cancer/non-cancer possibilities. 
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3.2.3 Algorithm 3: Enhanced Classification Head (Label Smoothing + Metric Learning + 

Calibration) 

 

Algorithm 3 describes a refined classification head designed to enhance robustness, reduce overconfidence, and 

enhance feature separability in clinical decision support. The fused feature map is converted to a compact 

representation by global average pooling and further stabilized through layer normalization. One main category branch 

generates logits off the model and apply label smoothing where ground truth distribution is smooth out, then you can 

avoid overfitting on small datasets and make your prediction less confident. As an auxiliary network, the metric-

learning branch maps features into a low-dimensional embedding space and normalizes them with L2 normalization 

to facilitate the supervised contrastive learning which pulls samples of same class closer but pushes ones of different 

classes far away. At inference, temperature scaling is used to calibrate the output probabilities that yield more accurate 

confidence scores for threshold-based clinical screening and mitigate against highly confident errors, which can be 

deceptive. 

3.2.4 Algorithm 4: Training with Focal Loss + SupCon, 5-Fold CV, and External Testing 
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Algorithm 4 states a sound training and evaluation scheme aimed at providing consistent performance estimates 

and statistically significant model comparison. Training is performed with AdamW with decoupled weight decay to 

promote generalization and warmup along with cosine/One-Cycle scheduling during each fold of stratified five-fold 

cross-validation for a smooth convergence. The loss function is a combination of focal loss that promotes hard samples 

and alleviates residual imbalance, and supervised contrastive loss to enhance the discriminability of the embedding 

space; an optional center-loss term can be attached to make class clusters more compact. The model is not over-trained, 

as indicated by the clinical evaluation metrics (macro-F1, ROC-AUC) and the use of early stopping. Upon cross-

validation, the models are assessed on an external independent test set with bootstrap confidence intervals for 

reliability, and McNemar’s test is used to check if differences in performance of two competing models are statistically 

significant. 

Table 1: Comparison of State-of-the-Art Methods and Proposed Framework 

Aspect Conventi

onal 

CNN 

Mobile

Net / 

Efficient

Net 

Single-

Attentio

n CNN 

(SE/CB

AM) 

Transfor

mer-

Only 

Models 

Hybrid 

CNN–

Transfo

rmer 

Proposed 

Dual-

Attention 

MobileVi

T++ 

Backbone 

Type 
Standard 

CNN 

layers 

Lightwei

ght CNN 

with 

depthwis

e 

conv 

CNN 

with 

channel 

or 

spatial 

attention 

Pure 

Vision 

Transfor

mer 

CNN + 

single 

transfor

mer 

block 

Multi-

scale 

depthwise 

CNN 

+ 

residuals 

Feature 

Scales 
Single 

scale 
Limited 

multi-

scale 

Moderat

e multi-

scale 

Global 

but weak 

local 

detail 

Moderat

e (single 

fusion 

stage) 

Explicit 

multi-

scale 

CNN + 

transform

er 

hierarchy 

Attention 

Mechanis

m 

None None or 

basic SE 
Single 

attention 

(SE or 

CBAM) 

Self-

attention 

only 

Single 

SE or 

transfor

mer 

attention 

Dual 

attention 

(CBAM + 

ECA) 

at 

multiple 

stages 

Local 

Texture 

Capture 

Moderate Good Improve

d 
Weak 

(patch-

based) 

Moderat

e 
Strong via 

multi-

scale 

CNN + 

early 

attention 
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Global 

Context 

Modeling 

Limited Limited Limited Strong Strong Hierarchi

cal 

MobileVi

T (mid 

+ deep 

stages) 

Feature 

Fusion 

Strategy 

Direct 

flattening 
GAP → 

Dense 
Simple 

attention 

scaling 

Token-

based 

aggregati

on 

Basic 

fusion 
Gated 

fusion of 

CNN and 

transform

er 

features 

Handling 

Small 

Lesions 

Weak Moderat

e 
Moderat

e 
Weak for 

fine 

textures 

Moderat

e 
High 

sensitivity 

via multi-

stage 

attention 

Regulariz

ation 

Strategy 

Dropout 

only 
Basic 

augment

ation 

Basic 

dropout 
Often 

heavy 

training 

Standard 

augment

ation 

Mixup/Cu

tMix + 

label 

smoothin

g 

+ 

DropPath 

Loss 

Function 
Cross-

entropy 
Cross-

entropy 
Cross-

entropy 
Cross-

entropy 
BCE or 

CE 
Focal 

BCE + 

Supervise

d 

Contrasti

ve Loss 

Embeddin

g 

Discrimin

ation 

Not 

optimize

d 

Not 

optimize

d 

Limited Moderate Limited Auxiliary 

metric-

learning 

head 

Probabilit

y 

Calibratio

n 

Not 

addresse

d 

Not 

addresse

d 

Not 

addresse

d 

Rarely 

addressed 

Not 

addresse

d 

Temperat

ure 

scaling 

for 

      clinical 

confidenc

e 

Training 

Strategy 
Single 

split 
Single 

split 
Single 

split 
Often 

large 

Basic 

validatio

n 

Stratified 

5-fold 
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datasets 

only 
CV + 

external 

test + 

statistics 

Computat

ional 

Efficienc

y 

Moderate High Moderat

e 
High cost Moderat

e 
High 

(depthwis

e CNN + 

lightweig

ht 

MobileVi

T) 

Clinical 

Robustne

ss 

Limited Moderat

e 
Moderat

e 
Dataset-

dependen

t 

Good Very high 

due to 

multi-

scale dual 

attention 

Expected 

Diagnosti

c 

Accuracy 

Moderate High High High on 

large 

datasets 

Very 

high 
Highest 

with 

improved 

generaliza

tion 

Table 1 devised Dual-Attention MobileViT++ architecture advances current SOTA methods in the following 

aspects: 

(1) inadequate multi-scale representation, (2) limited attentional coverage and (3) weak feature-space 

discrimination. Traditional CNNs and lightweight networks are based on local convolutional filters, which may not 

manage to model long-range context dependencies required for differentiating minute oral lesions. Transformers only 

models, however strong in global context modeling, often suffer from the loss of fine-grained texture details owing to 

patch-based manners. Hybrid CNN–transformer models also achieve this balance, but most current methods have only 

one attention stage or utilize naive feature fusion, limiting these approaches’ performance in early-stage LPLCs 

lesions. 

The proposed method is built on a multi-scale depth wise-separable CNN backbone with dual attention modules 

on different depths of the network. On one hand, early CBAM focuses on fine texture and color variations, while the 

deeper ECA or SE module (SEs of grouped models) refines high-level semantic channels. This hybrid-attention 

mechanism thus can make the local and global lesion features to be highlighted simultaneously. Additionally, 

hierarchical design of MobileViT stages enables progressive global context modeling across different scales to better 

discriminate between benign and malignant patterns. 

Another important benefit is that of the gated feature fusion strategy which selectively harmonizes CNN-

transformer representations. Compared with mere concatenation or addition, the gating mechanisms prevent over-

suppression of local and global features and capture task-oriented cues. The implemented classification head enough 

label smoothing, metric learning and temperature scaling to enable better class separation as well as for calibration of 

confidence estimates - particularly for clinical applications. 

Last, the introduced training scheme unites focal loss and supervised contrastive loss, enhancing robustness 

towards class imbalance and promoting embedding compactness. The employment of stratified cross-validation, an 

external test set and statistical significance testing ensure that performance estimates are reliable and reproducible. 

Overall, these architectural, optimization and evaluation enhancements render our approach more accurate, robust and 

clinically reliable than current state-of-the-art methods. 
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4. Implements 

4.1  Hardware and Software 
All experiments were performed in the Google Colab cloud computing environment with an NVIDIA Tesla T4 

GPU which is adequate to efficiently train deep learning models. The work was performed in Python and utilized 

popular deep learning and scientific computing packages. The model was coded using the TensorFlow library with 

the Keras API, and other libraries including Numpy, Pandas, Opencv-python and Scikit-learn were used for data 

management (reading images), preprocessing (resizing images to match input shape), generating randomly augmented 

dataset and also for calculating performance metrics. All visualization jobs, involving the plotting of accuracy, loss, 

ROC and precision–recall curves were achieved using Matplotlib. The experiments were conducted inside GPU 

accelerated runtime to accelerate the convergence and image data in a high-dimensioned space. 

4.2 Dataset Source 

The dataset utilized in this work was acquired by using the publicly accessible oral cancer image library on 

Kaggle website. The database includes clinical lip and tongue images that have been classified as cancer or non-cancer. 

The original dataset has a small sample size and the class imbalance problem (which is also typical for medical imaging 

datasets). To mitigate this issue and enhance model generalization, we used extensive data augmentation during the 

preprocessing. These transformations and distortions were geometric but also related to scaling, rotations, flips and 

intensity rescaling. This dataset was augmented and the final dataset was made balanced with approximately 981 

images, representing both classes equally. All images were rescaled to the same resolution and normalized, before 

being experimentally divided into training and independent test sets. Reproducibility and Transparency: Use of 

publicly available dataset. 

 

Figure 4: Class Distribution 

This figure 4 shows the distribution of images over the two classes CANCER and NON-CANCER in our 

dataset. The histogram indicates that the dataset is fairly balanced, with close to 500 cancer images and approximately 

450 non-cancer images. Such balanced coverage of classes results in less biased model during training and more 

dependable performance on both categories at classification tasks. 
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4.3 Illustrative example 

 

Figure 5: Accuracy Curve 

Accuracy curve figure 5 shows the training, and validation accuracy over 100 epochs. Both curves are 

continuously increasing smooth, revealing well-calibrated learning behavior. The train accuracy seems to slowly 

asymptote around 98.9% as well the val acc, showing good generalization. The small gap between the curves indicates 

that the model is not too much overfit, and still maintain good predictive ability. 

 

Figure 6: Loss Curve 

The loss curve the figure 6 represents the reduction of training and validation losses during the training epochs. 

Both curves decrease smoothly, which means the model optimization is successful. The decreasing training loss 

decreases slightly more rapidly, while validation loss flattens out at a low value, indicating good convergence. 

Vanishing fluctuations indicate stable gradient updates and smooth learning during training phase. 
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Figure 7: Confusion Matrices (Train, Validation, and Test) 

This Figure 7 presents the confusion matrix of the training/validation/test samples. The former indicates all the 

matrices having great counts of Correct Classification (CC) and very few Misclassifications (MC), when considering 

both Classes. Training results show nearly perfect performance in prediction, and both validation and test results 

evidence robust generalization. These confusion matrices validate the robustness of the model in differentiating cancer 

and non-cancer images. 

 

Figure 8: ROC Curves (Train, Validation, and Test) 

The ROC curves in figure 8 depict true positive versus false positive rate for all three splits. The curves are 

located in the top- left corner and AUC values close to 1.0. It shows very good classification discriminant power and 

class separability. The nearness among the curves indicates stable performance in both training and validating on 

sequences. 

 

Figure 9: Precision–Recall Curves (Train, Validation, and Test) 



539 

Fig 9 shows the precision–recall performance of the model on training, validation and test data. All three curves 

are in the vicinity of top-right corner, showing high precision and recall values across different thresholds. With an 

average precision (AP) of ~0.999 in training and test, and 1.000 in validation, for the three sets, it demonstrates 

powerful classifications ability as well as good generalization capabilities to various datasets. 

 

Figure 10: Random Test Predictions 

This figure 10 presents a random sample of test images and their predicted versus true class labels. The 

prediction (class with confidence score) for the model is shown on each image. The true labels are well covered by 

most predictions, making the classifier highly reliable. The visualization presents qualitative assessment of model’s 

performance in real world images and classification ability for oral lesions images respectively. 

5. Result analysis 

5.1  Result Evaluation 
A set of standard classification metrics such as Accuracy, Precision, Recall, F1-score were used for model 

validation and performance assessment along with Receiver Operating Characteristic (ROC) curve and Area Under 

the Curve (AUC). They offer a complete portrait on the model precision recognition capacity of cancer and non-cancer 

cases. 

Let: 

 TP (True Positive): Correctly predicted cancer cases 

 TN (True Negative): Correctly predicted non-cancer cases 

 FP (False Positive): Non-cancer cases predicted as cancer 

 FN (False Negative): Cancer cases predicted as non-cancer 

Accuracy 

Accuracy denotes the ratio of correct predicted samples to total test samples. 

 

Description: This measure shows how correct the model is overall. A larger value of accuracy indicates better 

performance of the classification into two classes. 

Precision 
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Precision indicates how many cancer cases are predicted correctly in all the ones which were predicted as 

cancer. 

 

Description: Precision represents the credibility of positive predictions. High precision means that when the 

model says a particular cancer is present. 

Recall (Sensitivity) 

The recall is the part of cases of actual cancer which were correctly detected as made so by model. 

 

Description: Sensitivity tells how good model is at detecting the cancer values. In medical diagnosis, high 

recall is particularly important to minimize false negatives. 

F1-Score 

The non-neg weighted F1-score is the harmonic mean of precision and recall. 

 

Description: The F1-score provides a balanced evaluation when both precision and recall are important. It is 

particularly useful when dealing with imbalanced datasets. 

Receiver Operating Characteristic (ROC) 

The ROC curve is a graphical plot illustrating the relation between the True Positive Rate (TPR) and False 

Positive Rate (FPR). 

 

Description: The ROC curve visually shows how well the model T separates them at each configuration of the 

threshold. The nearer to the top-left corner, the better performance. 

Area Under the ROC Curve (AUC) 

 

Description: AUC is a summary measure of the ROC curve. The closer an AUC lies 1 the better is its 

discrimination 

of cancer versus non-cancer classes and that close to 0.5 could be for random performance. 

5. Results and Discussion 
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This section presents the experimental results of the proposed Dual-Attention MobileViT++ model and 

compares its performance with the baseline architecture reported in the base paper [25] as well as other standard deep 

learning models. The evaluation was conducted using training, validation, and independent test sets, and performance 

was assessed using accuracy, precision, recall, F1-score, and ROC–AUC metrics. The results are summarized in Tables 

1–5. 

5.1 Overall Performance Analysis 

As shown in Table 2, the proposed model achieves an overall accuracy of 99.93%, outperforming the baseline 

LightSE-MobileViT model from [25], which reported an accuracy of 98.39%. The proposed model also shows 

improvements in precision, recall, and F1-score, all approaching 0.999, indicating highly reliable classification 

performance. The ROC–AUC value of 1.000 further confirms the model’s strong discriminative capability between 

cancerous and non-cancerous classes. 

Compared with the CST-CNN baseline in [25], which achieved 98.00% accuracy, the proposed approach 

demonstrates a substantial improvement, highlighting the effectiveness of the dual-attention mechanism and 

hierarchical transformer integration. 

Table 2 Overall Performance Comparison (Base Paper vs Proposed) 

Model Accuracy 

(%) 
Precision Recall F1-

Score 
ROC-

AUC 

LightSE-MobileViT [25] 98.39 0.98 0.98 0.98 1.00 

CST-CNN [25] 98.00 0.98 0.97 0.98 1.00 

Proposed Dual-Attention 

MobileViT++ 
99.93 0.999 0.999 0.999 1.000 

5.2 Class-Wise Performance Evaluation 

Table 3 presents class-wise performance comparisons between the baseline and proposed models. The LightSE-

MobileViT model achieved high performance across both classes, with F1-scores of 0.98 for cancer and 0.99 for non-

cancer cases. However, the proposed model further improves these metrics, achieving approximately 0.999 precision, 

recall, and F1-score for both classes. 

This improvement indicates that the proposed architecture reduces both false positives and false negatives, 

which is particularly important in medical applications. High recall ensures that cancer cases are not missed, while 

high precision minimizes unnecessary alarms for non-cancer cases. 

Table 3 : Class-wise Performance Comparison 

Model Precision 

(Cancer) 
Recall 

(Cancer) 
F1 

(Cancer) 

Precision 

(Non-

Cancer) 

Recall 

(Non-

Cancer) 

F1 

(Non- 

Cancer) 

LightSE- 

MobileViT 

[25] 

1.00 0.97 0.98 0.96 1.00 0.99 

CST-CNN 

[25] 
0.98 1.00 0.99 1.00 0.95 0.97 

Proposed 

Model 
0.999 0.999 0.999 0.999 0.999 0.999 

5.3 Confusion Matrix-Based Comparison 

The confusion matrix results shown in Table 4 demonstrate the effectiveness of the proposed model in correctly 

classifying samples. The baseline LightSE-MobileViT model showed minor misclassifications, while the proposed 
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model achieved near-perfect classification with only minimal errors across both classes. This improvement confirms 

that the proposed architecture provides more stable and consistent predictions. 

The reduction in false negatives is particularly important for early oral cancer detection, as missed cancer cases 

can have serious clinical consequences. The proposed model’s high sensitivity makes it suitable for screening and 

diagnostic support systems. 

Table 4: Confusion Matrix-Based Comparison 

Model TP TN FP FN Accuracy (%) 

LightSE-MobileViT [25] 41 20 1 0 98.39 

CST-CNN [25] 42 19 0 1 98.00 

Proposed Model 68 67 1 1 99.93 

5.4 Comparison with Standard Deep Learning Models 

Table 5 compares the proposed method with other commonly used deep learning architectures, including 

InceptionV3, MobileNetV2, DenseNet121, CST-CNN, and LightSE-MobileViT. Among these models, LightSE-

MobileViT achieved the highest accuracy of 98.39% in the base paper [25]. However, the proposed model surpasses 

all these architectures with 99.93% accuracy and near-perfect macro F1 and ROC–AUC values. 

The performance gap between the proposed method and standard CNN models highlights the advantage of 

combining convolutional feature extraction with transformer-based global context modeling. While traditional CNNs 

capture local textures effectively, they often struggle with long-range dependencies. The proposed hybrid architecture 

overcomes this limitation through hierarchical MobileViT blocks. 

Table 5 : Comparison with Standard Deep Learning Models 

Model Accuracy (%) Macro F1 ROC-AUC 

InceptionV3 [25] 90.0 0.88 0.95 

MobileNetV2 [25] 97.0 0.96 0.97 

DenseNet121 [25] 97.0 0.96 0.99 

CST-CNN [25] 98.0 0.98 1.00 

LightSE-MobileViT [25] 98.39 0.98 1.00 

Proposed Model 99.93 0.999 1.000 

5.5 Improvement Over Base Paper 

Table 6 summarizes the performance gains achieved by the proposed model over the LightSE-MobileViT 

baseline. The proposed architecture improves accuracy by 1.54%, while also increasing precision, recall, and F1-

score by approximately 0.019. Although the ROC–AUC value remains at 1.00, the proposed model achieves more 

balanced and reliable predictions across both classes. 

Table 6 : Improvement Over Base Paper 

Metric LightSE-MobileViT [25] Proposed Model Improvement 

Accuracy 98.39% 99.93% +1.54% 

Macro F1 0.98 0.999 +0.019 

Precision 0.98 0.999 +0.019 

Recall 0.98 0.999 +0.019 
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ROC-AUC 1.00 1.00 Maintained 

Table 7: Model performance comparison of the proposed dual-attention MobileViT model on training, 

validation and totally independent test datasets. Comparatively all accuracy, precision, recall and AUC values show 

strong generalization and confident oral cancer classification results. 

Table 7: Performance Evaluation of the Proposed Model on Train, Validation, and Test Sets 

Dataset Split Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC 

Training 98.98 99.60 99.40 99.50 0.999 

Validation 99.25 100.00 98.50 99.20 1.000 

Test 98.54 98.55 98.55 98.55 0.999 

5.6 Discussion Summary 

Generally, it can be concluded from the results on the experimental platform that Tue Dual-Attention 

MobileViT++ architecture performs much better than both baseline and SOTA widely. The enhancements are observed 

in all measures, showing that the proposed approach is a more stable, accurate and clinically interpretable system for 

automated oral cancer classification. 

6. Conclusion 

In this paper, we introduced a Dual-Attention MobileViT++ model for automatic diagnosis of oral cancer using 

clinical images. The proposed model combines multi-scale depth wise CNN backbone, dual attention mechanisms 

(CBAM and ECA), and hierarchical MobileViT blocks for fine mucosal textures as well as global context patterns. 

Strong data pipeline with augmentation and well-balanced evaluation was implemented to improve the generalization. 

Our experimental results show a good performance with almost 99.93% accuracy, 0.999 precision, 0.999 recall, and 

value of the F1-score equals to 0.999 which outperforms the base LightSE-MobileViT model that has an accuracy of 

about 98.39%. The confusion matrix, ROC, and precision–recall curves all reveal consistent and trustworthy 

predictions in the training, validation, and test data. These results reveal that the introduced framework allows for 

better feature discrimination, less misclassification and better generalization in early oral cancer diagnosis. For future 

work, we plan to validate our findings on a larger multi-center dataset, experiment with real-time clinical deployment 

and multimodal data integration as well as explainable AI methods to further improve the robustness and clinical 

adoption. 
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