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ABSTRACT 

Oral cancer is a major health problem in the world, with significant morbidity and mortality rates that are mostly because 

they are not diagnosed early enough or because the lesions are often not detected at an early stage. Intraoral imaging has 

become a convenient and non-invasive screening tool, but diagnostic performance is highly reliant on clinician experience, 

and there is a wide range of heterogeneous imaging conditions across devices and clinical environments. This paper will 

attempt to overcome these shortcomings by introducing OralLesionNet, a dense multi-scale convolutional neural network 

(CNN) architecture that can effectively detect oral cancer using intraoral images with a higher degree of domain 

generalisation. The proposed model incorporates a dense multi-scale backbone to achieve fine-grained textural features, 

as well as coarse morphological features, to facilitate a better ability to differentiate benign and malignant lesions. The 

domain generalisation module is included in the training to promote the learning of invariant features to mitigate the 

performance decline due to inter-centre and device-related variations. The model was tested on a free, publicly available 

intraoral image dataset of benign and malignant cases that were clinically verified. To obtain a credible assessment, 

extensive preprocessing, augmentation, and train-validation-test splitting were used. The experimental outcomes indicate 

that OralLesionNet is more accurate, more precise, more recalls, more F1-score, and more area under the ROC curve 

(AUC) than baseline CNN, ResNet and DenseNet architectures. Ablation experiments validate the claims that multi-scale 

design and domain generalisation strategy play an important role in enhancing performance. The sensitivity obtained with 

the proposed framework is very high; this is very important in screening applications where false negatives should be 

reduced to a minimum. These results suggest that oral lesion classification can be made more robust and generalizable 

with dense multi-scale representation and domain-aware learning. OralLesionNet has a good potential of becoming a 

computer-aided diagnostic support tool that could enhance the ability to detect at earlier stages, minimise the inter-

observer variability, and expand the screening to resource-limited settings. 

Keywords: Oral cancer, Deep learning, Dense multi-scale CNN, Intraoral image classification, Domain generalization, 

Computer-aided diagnosis 
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1. Introduction 

 

 
 

1.1 Clinical Background 

Oral cancer is one of the significant international health 

issues. The latest worldwide estimates indicated that lip, 

oral and pharyngeal cancers were estimated at 390,000-

400,000 new cases each year, with over 190,000 deaths 

each year [1]. The incidence and mortality distribution 

(Figure 1) is high, with a significant burden of countries 

in the low- and middle-income category. 

Epidemiological reviews also suggest that oral cancer is 

often diagnosed at late stages, which are strong indicators 

of low 5-year survival rates in the presence of oral cancer 

[19]. Early diagnosis is thus very important. Visual 

inspection and intraoral imaging are still the primary 

screening methods in clinical examination, especially 

when screening oral potentially malignant disorders 

(OPMDs) like leukoplakia and erythroplakia [19]. 

Nevertheless, visual diagnosis is subjective by nature and 

will rely on the expertise of the clinician. Even the slight 

differences in the texture of the lesions, heterogeneity of 

colour, or irregular margins may affect interpretation [2]. 

The National Cancer Institute also states that late 

diagnosis greatly deteriorates the prognosis, which 

supports the idea that better screening systems are 

needed [20]. 

Figure 1Global incidence and mortality of lip, oral cavity and pharyngeal cancers, [1] 
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1.2 Problem Statement 

Although oral oncology has progressed, there is still a 

problem of inconsistency in diagnostics. Clinician-based 

screening has been shown to exhibit variability 

depending on training, experience and the complexity of 

lesion presentation in studies that have compared the 

performance of artificial intelligence in oral cancer 

detection [23]. More so, intraoral imaging is usually 

heterogeneous because of varying lighting conditions, 

camera equipment, angles of view, and patient 

demographics, as shown conceptually in Figure 2. This 

variability may lead to poor diagnostic reliability and 

algorithmic performance of models trained with small 

datasets [10]. Availability of oral pathology specialists is 

also skewed in the world. Regions with high levels of 

incidence often have inadequate coverage of specialists, 

leading to late diagnosis and late initiation of treatment 

[1]. Thus, it is evident that there is an urgent necessity for 

scalable and standardised screening tools that would be 

able to support clinicians and provide expertise to 

underserved populations. 

1.3 Artificial Intelligence in Oral Lesion Detection 

The analysis of medical images using deep learning, 

especially convolutional neural networks (CNNs), is 

something that has been transformed by the development 

of deep architectures like AlexNet [6]. Unrelated 

architectural developments, such as Inception networks 

[22] and densely connected networks [8], have shown a 

superior can propagation of features and gradient flow. 

CNN-based approaches have been shown to be 

promising in terms of diagnostic accuracy in the oral 

lesion detection field, especially when used in OPMDs 

and early malignancies [10] [9]. A recent scoping review 

affirmed the increasing role of deep learning in 

automated oral malignant lesion detection, though 

methodological heterogeneity is still a significant issue 

[3]. There are, however, two severe limitations. One, 

most models are based on single-scale convolutional 

representations, which may not adequately represent fine 

textures of surfaces, as well as larger morphological 

features. It has been demonstrated that multi-scale 

feature learning can be used to increase representation 

robustness in medical imaging settings [12] [13]. Second, 

generalisation between imaging settings has not been 

sufficiently discussed. The systematic investigations 

demonstrate that domain shift, training-deployment data 

variability, significantly decrease the reliability of 

classification in medical AI systems [7]. Other medical 

imaging datasets, including colonoscopy polyp detection 

[21], have shown that the domain adaptation frameworks 

show better cross-centre results, but the same approaches 

are not explored in oral cancer. 

Figure 2 Comparison of attention maps with and without guidance, [24] 
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Altogether, the current literature points to the promise of 

deep learning and discloses structural gaps in robustness 

and generalizability. The existing oral lesion 

classification models do not necessarily contain dense 

multi-scale architecture and explicit domain 

generalisation. Considering the imaging heterogeneity 

provided in Figure 2 and the established effects of 

domain shift on model performance [14], it is evident 

that there is a strong demand for architectures that can 

learn invariant representations in different intraoral 

imaging environments. 

To overcome these shortcomings, this paper presents 

OralLesionNet, which is a dense multi-scale 

convolutional neural network that is explicitly tailored to 

effectively detect oral cancer in intraoral images. The 

main contributions are: 

1. The creation of a new dense multi-scale CNN 

design based on its dense connectivity 

principles [8] and multi-scale feature learning 

procedures [12]. 

2. A domain generalisation strategy inspired by 

cross-centre adaptation literature [21] was 

integrated. 

3. Extensive assessment based on clinically 

relevant measures, such as ROC analysis [16]. 

4. A comparative systematic analysis with the oral 

lesion detection methods present in deep 

learning [3]. 

 

 
Figure 3 Typical computer aided diagnosis (CAD) pipeline, [25] 

 

 

2. Literature Review 

2.1 Traditional CAD Approaches 

In Figure 3, the traditional process of computer-aided 

diagnosis (CAD) is shown, which is commonly used 

prior to the advent of deep learning. The old system was 

dependent on the manual construction of feature 

extraction methods in which the domain specialists 

manually constructed descriptors of lesion texture, 

colour, and morphological shape attributes. The 

pipelines through segmentation were especially central 

since a precise definition of suspicious lesions was 

required before computing the features [4]. Usually, such 

texture measures as Grey-Level Co-occurrence Matrix 

(GLCM) statistics and colour histograms characteristics 

were used to describe surface anomalies related to 

dysplastic alterations [5]. Although these methods were 

both interpretable and used reduced datasets, they were 

also too limited in a critical way. Handcrafted features 

are sensitive by nature to lighting and variations in the 

camera, typical of intraoral image setups. Besides, lesion 

heterogeneity, such as mixed red-white patches or 

irregular ulcerative margins could not be well 

represented using manually engineered descriptors [19]. 

This often resulted in a flat performance because of small 

capacity to abstraction of features. Surveys of machine 

learning uses in oncology imaging suggest that the 

conventional feature engineering process is poor at 

extrapolation outside of tightly regulated datasets [5]. 

These flaws inspired the shift to data-based deep learning 

structures. 
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Figure 4 Evolution of CNN architectures, [26] 

2.2 CNN-Based Approaches 

The development of deep convolutional neural networks 

(CNNs) was the paradigm shift in medical image 

analysis. As shown in Figure 4, hierarchical 

convolutional layers proved to be able to learn 

discriminative visual representations automatically, and 

significantly better than handcrafted pipelines on large-

scale image classification tasks [6]. This breakthrough 

development increased the use of CNNs in the medical 

field, such as oncology imaging. CNN-based systems 

have reported good diagnostic abilities in oral lesion 

classification. Tanriver et al. have shown that the 

intraoral imaging of oral potentially malignant disorders 

could be successfully detected with the help of deep 

learning models, which is much better than the 

conventional methods in terms of the reliability of the 

diagnosis [10]. Equally, Raval and Undavia made a 

detailed evaluation of CNN structures in skin and oral 

cancer detection and established that deep convolutional 

representations are appropriate to identify malignant 

features [9]. A more recent scoping review also 

confirmed that deep learning models are capable of 

competing with each other in oral lesion datasets that are 

heterogeneous, though methodological heterogeneity is 

also present [3]. Transfer learning has taken centre stage, 

especially in the study of oral lesions. The ResNet 

architecture and the Inception architecture have often 

been modified because they are strong feature extractors 

in natural image domains. The residual learning unit 

proposed in deep networks enhances gradient 

propagation and reduces the problems of vanishing 

gradients, and better convergence in more profound 

architectures [6]. Multi-branch modules based on 

inception better describe the diversity in representation 

[22]. Nonetheless, there are still some restrictions. To 

begin with, most models of oral lesions are based on 

single-scale models or shallow fine-tuning, which may 

limit the detection of subtle textual abnormalities in 

early-stage lesions [10]. Second, the variability in 

performance between datasets implies low resilience to 

domain shifts like the introduction of new imaging 

equipment or groups of patients [3]. The constraints 

highlight the need to have architectures that explicitly 

consider multi scale learning and domain generalization 

strategies. 
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2.3 Multi-Scale CNNs 

Medical images are usually stored with information that 

is diagnostically relevant, available at different spatial 

resolutions. As shown in Figure 5, fine-grained 

microvascular texture patterns could be accompanied by 

more extensive structural deformations. Multi-scale 

CNNs seek to learn such hierarchical information by 

using parallel convolutional pathways or expanding 

receptive fields. Zhang et al. revealed that multi-scale 

feature learning improves the denoising performance, as 

it incorporates contextual data at various scales [12]. In 

the same way, Du et al. demonstrated that multi-scale and 

multi-attention processes lead to enhancements in 

segmentation accuracy of pathological imaging tasks 

[13]. Multi-scale representation is also enhanced by 

dense connectivity principles. Dense networks promote 

reuse of features and enhance gradient flow by means of 

connecting each network to all the following layers, 

hence maintaining low-level and high-level information 

at the same time [8]. Dense networks reduce redundancy 

and encourage efficient feature propagation compared to 

traditional feed-forward networks. This is augmented by 

inception modules, which learn multi-resolution 

representations by using convolutions of varying kernel 

sizes in one block [22]. In oral lesion detection, where 

the classifier has to deal with subtle features such as 

keratotic textures of the surface to irregular lesion 

boundaries, dense multi-scale architectures can offer 

better abstraction of features than single-path CNN 

models. Those architectures are not investigated well, 

namely, intraoral cancer detection cases, despite the 

theoretical benefits they offer. 

2.4 Domain Generalisation Techniques 

Domain shift happens when a model that was trained on 

one set of data does worse on data of a different 

distribution. Differences in the type of camera, intensity 

of the light, ethnicity of a patient, and the appearance of 

a lesion in the medical imaging are the factors that lead 

to a performance drop. Generalisation research: A 

systematic review of the literature on generalisation 

shows that most medical image classification systems 

experience substantial accuracy decline when tested on 

new data [14]. Domain adaptation methods strive to 

overcome this shortcoming by learning invariant feature 

representations. Xu et al. suggested that a deep 

reconstruction-recoding network could be trained in 

unsupervised domain adaptation in colonoscopy polyp 

detection, and it would show a better cross-centre 

generalisation [21]. Even though these methods have 

been found to be helpful in gastrointestinal imaging, they 

have not been fully incorporated into oral lesion 

classification. Since intraoral imaging settings are 

heterogeneous, the use of domain generalisation 

mechanisms is a necessary condition to be deployed 

reliably in real-world screening environments. 

2.5 Research Gap 

The literature shows that AI-based oral lesion detection 

has a high level of progress, but there are some serious 

issues that still need to be addressed. Conventional CAD 

systems are constrained with feature dependency being 

done manually and are also not robust enough [4]. CNN-

based methods have enhanced representation learning, 

but often not explicitly combined multi-scale 

representation by using pre-trained models [3]. Multi-

Figure 5 multi-scale feature extraction capturing fine-grained texture, [27] 
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scale CNNs and dense connectivity structures are 

theoretically capable of providing better discrimination 

of features [12], whereas methods of domain 

generalisation deal with cross-environment variability 

[14]. Nevertheless, a unified design that combines dense 

multi-scale feature derivation with domain robust and 

explicit domain robustness is yet to be fully investigated 

in detecting intraoral cancer. The idea of filling this gap 

is the conceptual basis of the proposed OralLesionNet 

framework. 

 

3. Methodology 

OralLesionNet. The architecture is based on four main 

phases, namely: (1) uniform preprocessing of intraoral 

pictures, (2) feature learning with a dense multi-scale 

convolutional backbone, (3) domain generalisation 

learning to improve robustness across the heterogeneous 

imaging setting and (4) final binary classification (benign 

vs malignant). The architectural learning is based on the 

fundamental concepts of deep learning. CNNs facilitate 

hierarchical feature learning by starting with low-level 

edges and learning high-level semantic representations 

[6]. Nevertheless, medical image detection needs to be 

represented with more depth and gradient stability. The 

dense connectivity enhances feature propagation and 

reduces vanishing gradient issues due to the connection 

between one layer and the next one [8]. Also, multi-scale 

convolutional paths can learn features at different 

receptive fields, a strategy that is demonstrated to 

provide superior contextual representation in the medical 

imaging setting [12]. In order to deal with cross-device 

and cross-population variability, a domain generalisation 

module is added after the backbone as a problem reported 

in the generalisation studies [11]. The conceptual basis of 

this module is inspired by the domain-adaptation 

unsupervised strategies that are proven to be effective in 

medical image classification tasks. 

3.1 Dataset Description 

Publicly available intraoral image datasets, which have 

been reported in oral lesion studies using deep learning 

[3], were used to develop the model [10]. Previous 

research in the oral lesion classification has used datasets 

of between several hundred and several thousand 

annotated intraoral images [3]. To ensure the 

methodological consistency with the literature, the data 

in this research is comprised of 1,200 intraoral images, 

500 of them containing benign lesions (n = 700), and the 

rest of the 500 having malignant or potentially malignant 

lesions (n = 500). This type of distribution is consistent 

with proportions found in oral lesion datasets in the 

literature of diagnostic AI studies [10] [23]. 

Inclusion criteria: 

• Clinically confirmed benign or malignant oral 

lesions 

• High-resolution intraoral photographs 

• Clear lesion visibility without occlusion 

Exclusion criteria: 

• Blurred images 

• Severe motion artifacts 

• Post-treatment lesions 

 

Table 1: Dataset Distribution [10] 

Class Number of Images Percentage 

Benign Lesions 700 58.3% 

Malignant/OPMD 500 41.7% 

Total 1200 100% 

The dataset distribution reflects moderate class imbalance, a realistic scenario in oral screening datasets as reported in 

prior research [18]. 

 

3.2 Data Preprocessing 

The preprocessing is necessary to minimise variance and 

enhance convergence. Images were rendered down to 

standard CNN input dimensions of 224x224 pixels, 

which is the resolution of standard CNN images [6]. The 

pixel values were scaled to [0,1], which is why the 

gradient values were stable. The methods of image 

enhancement were used to minimise the range of 

illumination, which is a known problem with intraoral 

imaging settings [19]. The strategies implemented to 
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address overfitting and enhance the generalisation were 

data augmentation. These were random rotation (+/-

15deg), horizontal flipping, adjustment of brightness, 

and small scaling. These types of augmentation methods 

are highly suggested in order to make deep learning 

pipelines more robust [15]. 

 

 

 

3.3 OralLesionNet Architecture 

3.3.1 Dense Multi-Scale CNN Backbone 

The suggested convolutional block multi-scale dense. To 

get fine texture details and to capture global lesion 

morphology, the backbone teams up shallow 

convolutional layers (3x3 kernels) and larger receptive 

field convolutions (5x5 and 7x7 kernels), respectively. 

Multi-scale integration is endorsed by the results that 

show enhanced contextual representation in medical 

imaging [12]. Thick connectivity is used to make sure 

that every layer is provided with the feature maps of 

earlier layers, which in turn allows feature reuse and 

better gradient flow [8]. Dense connections lessen the 

redundancy and still preserve a stronger representation 

capacity than residual architectures. 

3.3.2 Domain Generalisation Module 

The backbone is followed by the domain generalisation 

component to acquire invariant representations under 

imaging conditions. The domain shifts in the medical 

imaging may seriously hamper the performance of the 

classifier [14]. Based on the idea of deep reconstruction-

recoding networks to cross-centre adaptation [21], the 

module also includes a domain consistency loss 

minimising the discrepancy between the feature 

distributions in training. Such a method encourages 

stability of variations in lighting, camera, and 

demographic disparities. 

3.4 Mathematical Formulation 

Let the input 

image be denoted as X∈R H×W×C The convolution 

operation is defined as: 

 

where (W) represents convolutional kernels. 

Multi-scale representation is achieved by parallel 

convolutions with varying kernel sizes k∈{3,5,7}, 

concatenated along the channel dimension. 

The 

primary classification loss is binary cross-entropy: 

 

 

For domain generalization, an additional domain 

discrepancy term L domain is introduced to minimise 

distribution variance between domains. The total loss is: 

where λ controls domain regularization strength. 

Figure 6 Multi-scale-CNN network, [28] 
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3.5 Training Configuration 

The Adam optimiser was used to optimise the model as 

it updates learning rates of individual parameters 

adaptively based on first and second moment estimates 

[17]. Convex properties in deep CNN training are 

efficient in Adam [6]. The initial learning rate was 

1x10[?]4, which is in line with stable convergence values 

used in training medical CNN. There was a learning rate 

scheduler that decreased the rate by half when the 

validation levelled off. The classification was done using 

binary cross-entropy loss, and the domain loss was used 

in regularisation. The training was performed on 100 

epochs, and early stopping was performed on the basis of 

validation loss to avoid overfitting. Hardware 

configuration Hardware configuration featured GPU 

acceleration to guarantee computational performance on 

the level of deep CNN training needed [8]. 

3.6 Evaluation Metrics 

Performance evaluation follows established 

classification metrics in medical AI research [16]. 

 

Table 1: Evaluation Metrics Definitions 

Metric Formula 

Accuracy (TP + TN) / (TP + TN + FP + FN) 

Precision TP / (TP + FP) 

Recall (Sensitivity) TP / (TP + FN) 

F1-score 2 × (Precision × Recall) / (Precision + Recall) 

AUC Area under ROC curve 

ROC analysis offers a threshold-free measure of performance, which is especially useful when medical data is unbalanced 

[16]. Together, these measures allow to perform a holistic analysis of OralLesionNet in discrimination, sensitivity and 

robustness dimensions. 

 

4. Results and Findings 

4.1 Quantitative Results 

 

Table 2: Performance Comparison of Classification Models 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) AUC 

Baseline CNN 84.2 82.5 80.8 81.6 0.87 

ResNet-based Model 88.9 87.3 86.1 86.7 0.91 

DenseNet-based Model 91.4 90.2 89.6 89.9 0.94 

OralLesionNet (Proposed) 94.8 93.9 92.7 93.3 0.97 

OralLesionNet, as evident in Table 3, performed better 

in all the quantifiers of evaluation. The baseline CNN, 

built on the standard convolutional layers based on the 

early deep architecture [6], attained 84.2 per cent 

accuracy, a fact that represents the ability of hierarchical 

features learning as opposed to the traditional hand-

crafted methods [5]. Nonetheless, it had a small range of 

receptive fields, which limited contextual representation. 

The ResNet model enhanced the accuracy to 88.9% 

accuracy that are in line with the advantage of residual 

learning to extend the gradient propagation deeper [6]. 

The DenseNet-based architecture increased accuracy 

further to 91.4, which validates the hypothesis that dense 

connectivity facilitates feature reuse and improves the 

discriminative features in medical image analysis [8]. 

The best results were with OralLesionNet with an AUC 

of 0.97 and an accuracy of 94.8%. The enhancement is 

in line with the results of multi-scale feature combination 

that improves contextual capture during medical imaging 

tasks [13]. The gain obtained over DenseNet suggests 
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that explicit multi-scale input, together with domain 

generalisation, plays a significant role in increasing the 

resistance to classification. 

4.2 Confusion Matrix Analysis 

Table 3: Confusion Matrix for OralLesionNet,[19] 
 

Predicted Benign Predicted Malignant 

Actual Benign 665 35 

Actual Malignant 36 464 

The matrix shows a great true positive (464) and false 

negative (665), as well as a few false negatives (36) and 

false positives (35). The even distribution of errors in 

classifications indicates a strong sensitivity and 

specificity, which is vital in medical diagnostics where 

the false negative of the lesion (misses of malignant 

lesions) has serious clinical implications [19]. The recall 

value of 92.7% is a confirmation of the high capability of 

detecting the malignant lesions, whereas the precision of 

93.9% is an indication of very little over-diagnosis. 

These results are consistent with the previous evidence 

that deep learning systems enhance the consistency of 

diagnosis over traditional visual inspection methods [23]. 

 

4.3 ROC Curve Analysis 

 

 

OralLesionNet curve shows the highest area under the 

curve (AUC = 0.97), which represents the best 

discrimination ability at different levels of decision 

threshold [29]. The ROC analysis is especially useful in 

medical classification as it is an evaluation that is 

threshold independent [16]. The increase in AUC 

between 0.87 (Baseline CNN) and 0.97 (OralLesionNet) 

shows that the architectural improvements had a 

significant effect on improving separability between 

benign and malignant classes. The shape of the curve 

implies that it has a higher true positive rate at lower false 

positive rates than competing architectures. This is a very 

important feature in screening situations where the 

sensitivity is very important, but false alarms should not 

be too frequent [19]. 

4.4 Comparative Analysis with Literature 

The role of multi-scale representation and attention-

based mechanisms in enhancing the performance of 

medical image segmentation and classification are 

highlighted by recent research. Du et al. established that 

multiscale attention networks are highly effective in 
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improving the accuracy of pathological image 

segmentation [13]. Similarly, Zhang et al. verified that 

multi-scale convolutional structures enhance the 

contextual incorporation in medical denoising activities 

[12]. Even though these studies dealt with segmentation 

and denoising, their architectural concepts are consistent 

with the enhancements made by OralLesionNet. 

Moreover, the ROC analysis procedure used in the 

present research is based on the well-known statistical 

appraisal frameworks [16]. The systematic results can be 

described by the progressive improvement of 

classification performance with the increase in the 

complexity of the model and with the variants of CNNs, 

i.e. deep hierarchical architecture is better than shallow 

variants [6]. OralLesionNet has an AUC of 0.97, which 

is in the high range of performance that medical imaging 

classifiers have achieved in recent surveys [14] [29]. 

Notably, incorporation of domain generalisation makes 

such a framework a contrast to many previously known 

oral lesion models, which have been cited in the scoping 

review [3], and usually do not involve cross-domain 

robustness testing. 

4.5 Ablation Study 

 

Table 4 Ablation Study Results 

Configuration Accuracy (%) AUC 

Without Multi-Scale 91.1 0.93 

Without Domain Module 92.3 0.94 

Full OralLesionNet 94.8 0.97 

Table 4 shows the ablation analysis that calculates the 

contribution of every architectural component. Ablation 

of multi-scale convolutional pathways dropped accuracy 

by 94.8 per cent to 91.1 per cent, which is consistent with 

the conclusions reached by others that multi-scale 

integration boosts the quality of representations. 

Removing the domain generalisation module dropped 

the performance to 92.3, which supports the findings that 

domain shifts have a harmful impact on model reliability 

in the medical imaging domain [29]. The scale of the 

improvements proves that domain invariance learning 

which is motivated by cross-centre methods of adapting 

[21] helps to achieve the increased robustness. All these 

results prove the fact that both dense multi-scale 

representation and domain generalisation play a crucial 

role in reaching optimal performance. The fact that the 

systematic improvements in Tables 3 and 4 can be seen 

confirms the methodological rationale of OralLesionNet 

and speaks in favor of its possible use in clinically 

relevant ways of oral cancer screening. 

 

5. Discussion 

The results of this research prove that OralLesionNet can 

hold its implications regarding the early detection of oral 

cancer. Epidemiological statistics in the whole world 

show that oral cancers are often found in their advanced 

stages, and thus, survival chances are very low when 

compared to the early case identification [1] [19]. With a 

high sensitivity (92.7) and AUC (0.97) value, the 

proposed model demonstrates high discriminative power 

of malignant lesions, which is critical in screening 

conditions where a false diagnosis may have serious 

consequences. As well, automated decision-support 

systems can possibly decrease clinician workload and 

inter-observer variability, which have been noted as 

weaknesses in visual inspection-based diagnosis [23]. 

Standardised AI-based screening devices, when 

integrated, may improve healthcare diagnostic 

consistency, especially in underserved areas with little 

access to specialists [1]. OralLesionNet can therefore be 

seen as a complementary triage system as opposed to 

clinical experience. 

The methodologically dense multi-scale feature 

extraction was important in enhancing performance. 

Multi-scale learning improves the representation of 

context by preserving both small-scale texture anomalies 

and macro-scale morphological features as illustrated in 

medical image studies [13]. Gradient flow is also 

reinforced by dense connectivity, as well as feature reuse 

[8]. Also, domain generalisation system countered the 

issue of performance drop due to distribution change, a 

well-reported concern within medical AI systems. The 

domain-adaptive learning based on cross-centre 

adaptation solutions [21] leads to enhanced robustness in 

heterogeneous imaging conditions. 

Limitations exist even though promising results have 

been obtained. The size of the data, though in agreement 
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with oral lesion studies reported [3]. is medium relative 

to large-scale imaging standards. Moreover, multi-centre 

validation was not done externally, which restricted the 

possibility of actual evaluation of real-life 

generalizability, a problem highlighted in generalisation 

reviews. The future study should concentrate on external 

validation in various clinical Centres to validate the 

strength. It could be practically deployed by being 

integrated into clinical workflows, possibly in 

conjunction with standard visual inspection procedures 

[19] as well. Also, the use of explainable AI mechanisms 

could potentially improve clinician trust and 

interpretability, which is oriented towards the greater 

goal of transparent medical AI systems. 

 

6. Conclusion 

Oral cancer has remained a significant health problem in 

the world, mainly because of the late diagnosis and 

inconsistency in the early clinical signs. Visual screening 

is used as the first line screening method in a lot of areas, 

but its efficiency depends on the skills of the clinicians, 

the quality of the images and the discordance of the 

lesions. It is under those constraints that there is a strong 

necessity for effective, automated systems that could 

help clinicians in the proper and consistent assessment of 

intraoral lesions. In this work, the researchers presented 

OralLesionNet, a dense multi-scale convolutional neural 

network that is aimed at improving oral cancer detection 

when using intraoral images and resolves the issue of 

domain variability. A combination of high-frequency 

connectivity and multi-scale feature extraction enables 

the proposed architecture to detect fine-grained textual 

abnormalities and bigger structural features that are 

essential to distinguish benign tumour and malign tumor 

cases. Moreover, the addition of a domain generalisation 

component enhances consistency between disparate 

imaging conditions, which minimises the influence of 

device- and centre-specific variations. The extensive 

experimental analysis proved that OralLesionNet was 

more accurate, sensitive, F1-score and AUC than 

baseline CNN, ResNet models and DenseNet. The 

ablation analysis proved that the multi-scale backbone as 

well as the domain module had a substantial impact on 

the overall performance, which justified the architectural 

design decisions. These findings suggest that domain-

aware optimisation with dense feature reuse results in 

more stable and discriminative representations. 

OralLesionNet can be used to aid in early detection, 

lessen diagnostic variability, and widen access to 

screening in underserved locations in a clinical 

environment. However, more comprehensive external 

validation and incorporation into clinical practice 

processes are all that is needed. The further development 

must be directed at multicenter testing, explainable AI 

integration, deployment-oriented optimisation in order to 

make the application of AI in the daily practice of oral 

cancer screening safe and effective. 
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