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Automated Oral Lesion
Detection and Classification
Using Computer Vision

Abstract

Early diagnosis of oral lesions is a critical determinant of clinical outcomes
in oral cancer management. Conventional screening relies on expert
examination, which is prone to inter-observer variability and limited access
in rural settings. This study proposes a hybrid deep learning framework
integrating YOLOVS for lesion localization with EfficientNet-B3 for multi-
class classification. The pipeline automatically identifies suspicious
intraoral lesions and categorizes them as Normal, Benign, Premalignant, or
Malignant. Gradient-weighted Class Activation Mapping (Grad-CAM)
provides discriminative heatmaps for clinical interpretability. Experiments
on 5,200 annotated intraoral images yielded a detection mAP@50 of 96.8%,
classification accuracy of 96.1%, and AUC-ROC of 98.2%, outperforming
six state-of-the-art baselines. Ablation studies confirm the contribution of
each component. The framework is suitable for tele-dentistry deployment
with an inference time of 22 ms per image.

Keywords: Oral lesion detection; YOLOVS; EfficientNet-B3; Grad-CAM;
Oral cancer screening; Explainable Al; Tele-dentistry
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1. Introduction

Autism Spectrum Disorder (ASD) is a lifelong
neurodevelopmental condition that affects how
individuals perceive and

Oral cancer accounts for over 377,000 new cases
and 177,000 deaths annually [WHO, 2024]. Over
60% of diagnoses occur at Stage III-1V, where five-
year survival drops below 40% versus >80% at
Stage 1 [1]. Detection of potentially malignant
disorders (PMDs) leukoplakia, erythroplakia, oral
submucous fibrosis at the premalignant stage is
therefore the most impactful clinical opportunity.
Traditional screening via visual inspection and
palpation is hampered by inter-observer variability
and restricted specialist access in low- and middle-
income countries (LMICs).

Artificial intelligence, particularly convolutional
neural network (CNN)-based computer vision, has
demonstrated  specialist-level performance in
dermatology [2], ophthalmology [3], and
histopathology [4]. However, most oral lesion Al
approaches are classification-only frameworks that
lack spatial localization an essential requirement for
clinical deployment. Furthermore, few integrate
explainability mechanisms critical for regulatory
compliance and clinician trust. This work addresses
both limitations through a unified hybrid framework.

1.1 Key Contributions
Hybrid YOLOvS8-EfficientNet-B3 pipeline for

simultaneous oral lesion localization and multi-class
classification. Curated 5,200-image clinical dataset
with bounding-box annotations across five lesion
categories. = Grad-CAM  explainability  layer
providing discriminative heatmaps for clinical audit.
Comprehensive ablation study and six-baseline
comparative evaluation. Inference time of 22 ms per
image, enabling real-time tele-dentistry deployment.

2. Related Work

Table 1 summarizes representative deep learning
approaches to oral lesion analysis. Early CNN
methods (87-89% accuracy) were limited by small
datasets and binary classification [5]. Transfer
learning with ResNet50 and InceptionV3 improved
accuracy to 92-93% but lacked spatial localization
[6,7]. MobileNet variants offered computational
efficiency but showed lower malignant-class
sensitivity [8]. YOLO-based methods partially
addressed localization, with YOLOv7+VGG16
reaching mAP@50 of 91.2% [9]. DenseNetl21
achieved 94.4% classification accuracy through
dense skip connections but remained detection-free
[10]. The proposed framework is the first to couple
YOLOVS detection  with EfficientNet-B3
classification in a unified pipeline, achieving state-
of-the-art on both tasks [11].

Table 1. Comparative Review of Deep Learning Methods for Oral Lesion Analysis

Ref. Model Acc.(%) | mAP(%) | Key Limitation Year

[1] CNN (AlexNet) 87.4 — Small dataset, no 2020
localization

[2] ResNet50 92.3 — Classification only, 2021
misses small lesions

[3] MobileNetV2 90.1 — Lower sensitivity for 2021
malignant class

[4] InceptionV3 91.8 — High cost, no 2022
explainability

[5] YOLOV5 93.2 89.7 Limited multi-class 2022
classification

[6] YOLOv7 + VGG16 94.0 91.2 Shallow classification 2023
branch

[7] DenseNet121 94 .4 — Classification only, no 2023
detection

Prop. | YOLOvS8+EfficientNet- | 96.1 96.8 Needs prospective 2025

B3 clinical trial

(—) = not reported; SCC = Squamous Cell Carcinoma; Prop. = Proposed

Radiology. Images were acquired using
3. Methodology standardized intraoral cameras (1920x1080) under
3.1 Dataset controlled  illumination [12]. Expert oral
pathologists annotated each image using Labellmg,
generating YOLO-format bounding boxes as
presented in figure 1 and class labels (Table 2). An
70/15/15 stratified train/val/test split was applied.

A multiclass dataset of 5,200 high-resolution
intraoral images was assembled in collaboration
with the Department of Oral Medicine and

EJPRD © © 0 0 6 0 6 0 0 0 0 0 6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 06 0 0 00 06 06 0 0 060 0 060 06 060 00 0 00 00 0 00 0 0 0

ejprd.org - Published by Riset Publishing Services LLC Copyright ©2026 by Riset Publishing Services LLC



European Journal of Prosthodontics and Restorative Dentistry (2026) 34 (4s), 438-447

normal_1256.jpg

benign_2310.jpg

Healthy oral mucosa [
without any visible lesion.

Benign lesion (e.g., fibroma,
mucous retention cyst).

premalignant_1450.jpg

Premalignant lesion
(e.g., leukoplakia).

premalignant_1877.jpg

malignant_0893.jpg

Premalignant lesion
(e.g., erythroplakia).

Malignant lesion
(e.g., oral squamous cell

l carcin?ma),
Figure 1: Annotated images
Table 2. Dataset Composition and Data Partition

Lesion Category Class Label Total Train Val Test
Normal Oral Mucosa Normal 1,200 840 180 180

Aphthous Ulcer Benign 900 630 135 135

Leukoplakia Premalignant 1,100 770 165 165

Oral Submucous Fibrosis | Premalignant 800 560 120 120

Oral Squamous Cell Malignant 1,200 840 180 180

Carcinoma

Total 4 Classes 5,200 3,640 780 780

3.2 Pre-processing and Augmentation

All images underwent: (i) CLAHE (clip=2.0, grid=8x8) for local contrast enhancement; (ii) Gaussian noise filtering
(6=0.5); (iii)) colour normalisation (ImageNet statistics); and (iv) resizing 640x640 for YOLOvS8, 300x300 for
EfficientNet-B3. Online augmentation included random horizontal flip (p=0.5), rotation (£15°), brightness/contrast
variation (£20%), Gaussian noise, mosaic (YOLOv8), and MixUp (0=0.2) [13,14,15].

3.3 Proposed Hybrid Architecture

The framework operates as a sequential two-stage pipeline. Stage 1 performs lesion localization with YOLOVS; Stage 2
performs classification with EfficientNet-B3 on the extracted ROI as presented in figure 2. Table 3 illustrates the end-to-

end pipeline [16].

LESION LOCALIZATION WITH YOLOV8

YOLOv8

Input Intraoral Image

Detection Output

ROI Extraction

Extracted Region

Stage 1 Output
A “A _’ Localized lesion ROI

with high confidence
(bounding box)

[
|
1920 x 1080 Feature Extraction + Detection Head Bounding Box (x, y, w, h) + Confidence Score of Interest (RO) :
I
4
YA LESION CLASSIFICATION WITH EFFICIENTNET-B3
5 Classification Qutput
RO from Stage 1 Preprocessing EfficientNet-B3 . —_— -
- 5 : e Normal § 003
A /e Benign mon | Final Prediction
il 5 @@ @_‘/ : —p | Premalignant (1) [ 018 Malignant
2 Ve Premalignant (2) [N 0.27 (0.41)
! d \® Maligrant D 0.41
Resize ) )
030 Feature Extraction : Softmax Probabilties Predicted Class
Normalization (Global Average Pooling) (Top-1: Malignant) with Probability

Figure 2. Two-stage Al Framework for Oral Lesion Analysis
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Table 3. Proposed Hybrid Framework — End-to-End Processing Pipeline
INPUT Intraoral RGB Image (H x W x 3)

PREPROCESSING | CLAHE + Noise Filter + Augmentation

Resize: YOLOv8 — 640x640, EffNet — 300x300
YOLOvV8s DETECT | CSPDarkNet53 Backbone — PANeck — Anchor-free Detection

Head

Output: Bounding boxes + confidence (I1o0U>0.45, conf>0.25)
ROI EXTRACTION | Crop lesion region from detected bounding box

EJPRD

Resize ROI to 300x300 for classifier

EfficientNet-B3 MBConv blocks with SE attention

Global AvgPool — FC(4 classes)

Compound scaling (0=1.2, p=1.1, y=1.15, ¢=3)

GRAD-CAM

Gradient-weighted Class Activation Map
Heatmap overlaid on lesion region for interpretability

OUTPUT Class: {Normal
Benign
Premalignant

Malignant}

Confidence score + bounding box coordinates

3.4 Stage 1 — YOLOvS8s Detection Module
YOLOvV8s employs CSPDarkNet53 with a PAN
neck and anchor-free detection head. The composite
detection loss is:
L det= A cls'L_cls+ A box-L_CloU +
A dfl-L dfl (A _cls=0.5, A box=7.5, A dfl=1.5)
L CloU= 1-1IoU + p*(b,b_gt)/c*+ av
v = (4/n*)-[arctan(w_gt/h_gt) — arctan(w/h)]?, o
v/(1-ToU+v+e)
where p is the centre-point Euclidean distance, ¢ the
enclosing-box diagonal, and g=1e-7. Post-inference
NMS uses IoU=0.45, confidence=0.25.

3.5 Stage 2 — EfficientNet-B3 Classification
Module

EfficientNet-B3 employs compound scaling of
depth (d), width (w), and resolution (r):

d=a"p, w=p"p, =y"¢ a=1.2, B=1.1, y=1.15, ¢=3

(s.t. a-p*y?=2)

MBConv  blocks incorporate
Excitation (SE) attention:

SE(F) = o(W2-8(W1-GAP(F))) O F, reduction

ratio =4
Classification uses focal loss to address class
imbalance:
L focal = =X a(1—p)™y log(p), v=2

Squeeze-and-

3.6 Grad-CAM Explainability

ok c= (1/2)-Z; Z; Oy"c/0A™k_ij [gradient-

averaged over spatial dims]
L*c_GradCAM = ReLU(Z; ok _c - A¥) [upsampled
to input resolution]

Heatmaps are overlaid on lesion ROIs as colour-
coded transparencies, enabling pathologist review
and audit. Table 4 lists training hyperparameters.

Table 4. Training Hyperparameters for Both Modules

Hyperparameter YOLOVS8s Detector EfficientNet-B3

Epochs 100 80

Batch Size 32 32

Initial Learning Rate 0.01 0.001

LR Scheduler Cosine Annealing ReduceLROnPlateau
Optimizer SGD (momentum=0.937) Adam (B:=0.9, B2=0.999)
Weight Decay 0.0005 0.0001

Input Size 640 x 640 300 x 300

Dropout — 0.3

Early Stopping 20 epochs 15 epochs

4. Results and Discussion
4.1 Classification Performance Comparison

ejprd.org - Published by Riset Publishing Services LLC

Copyright ©2026 by Riset Publishing Services LLC



European Journal of Prosthodontics and Restorative Dentistry (2026) 34 (4s), 438-447

@ Accuracy @ F1Score @ AUC-ROC @ Proposed gain
100%
04%
02%
88%
vs InceptionV3 -
85%
vs DenseNet121 -
o n ) N L) .
o et ﬁn_xa--""’“ \,.ci«'c P Ay \}m\‘?’

N iy
\ ‘\Cf ('_\ef' t\i_-.t‘ +0% +2% +4% +% +8%

Figure 3 (a) Multi metric comparison across architectures, (b) Accuracy improvement over
baseline models (%)

Figure 3a compares all seven architectures across accuracy, Fl-score, and AUC-ROC. EfficientNet-B3 achieved the
highest scores on all three metrics, with classification accuracy of 96.1%, Fl-score of 95.5%, and AUC-ROC of 98.2%.
Table 5 provides the full numeric breakdown. Figure 3b. Multi-metric classification performance comparison. Blue bars
= Accuracy; Green = F1 Score; Coral = AUC-ROC. Proposed model (right) highlighted in darker tones.

Table 5. Classification Performance Comparison Across Architectures

Model Acc.(%) | Prec.(%) | Rec.(%) F1(%) AUC(%)
CNN (Baseline) 89.5 88.7 88.2 88.4 91.3
MobileNetV3 91.2 90.5 90.1 90.3 93.1
ResNet50 92.3 91.8 91.5 91.6 94.2
VGG16 91.7 91.0 90.6 90.8 93.6
InceptionV3 93.1 92.6 92.0 92.3 95.0
DenseNet121 94.4 93.8 93.2 93.5 96.1
EfficientNet-B3 (Proposed) 96.1 95.7 95.4 95.5 98.2

4.2 YOLOVS Per-Class Detection Results

Figure 4 shows per-class YOLOVS detection results. The model achieved overall mAP@50 of 96.8% and mAP@50-95
of 91.7%. Normal mucosa and OSCC classes achieved the highest mAP@50 (98.2% and 97.3% respectively) due to their
characteristic visual morphology. Table 6 provides full per-class metrics.

100 1
98
;; 96
g
t
n 94 -
M Precision
92 7 mm Recall
= F1 Score
m= mAP@50
Normal Aphthous Leuko- Oral Oral
Mucosa Ulcer plakia Sub.Fib. ScC

Figure 4. Per-class YOLOv8s detection metrics. Grouped bars show Precision, Recall, F1-Score, and mAP@50 for each
of the five lesion categories.
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Table 6. Per-Class YOLOvS8s Detection Performance

Lesion Class Prec.(%) | Rec.(%) F1(%) mAP@50 | mAP@50-
95

Normal Oral 97.1 96.8 96.9 98.2 93.1
Mucosa

Aphthous Ulcer 94.3 93.5 93.9 95.7 90.2
Leukoplakia 95.8 94.9 95.3 97.1 91.8

Oral Submucous 94.7 93.2 93.9 95.8 90.9
Fibrosis

Oral SCC 95.9 94.8 953 97.3 92.3
Overall / Mean 95.6 94.6 95.1 96.8 91.7

4.3 ROC Curves and Per-Class AUC

1.0 1000 q
99.5
0.8 1
99.1%
[ 99.0%
E 99.0
2 097 g
E f é 98.5 1 98.3%
0.4 /
o 98.0%
2 98.0 - .
= Y/
=== Normal (AUC=0.991)
0.27 = = Benign (AUC=0.983) 975 -
== Premalignant (AUC=0.980)
«« = Malignant (AUC=0.990)
0.0 == — e T | 97.0 - T o p— T 1 .
0.0 0.2 0.4 0.6 0.8 1.0 Normal Benign Premali-  Malignant
False Positive Rate gnant

Figure 5. (a) ROC curves for all four lesion classes. Diagonal dashed line = random chance. (b) Per-class AUC-ROC bar
chart. All classes exceed 0.98 AUC

Figure 5a shows ROC curves for all four classification classes. All classes achieve AUC above 0.980, demonstrating

robust discrimination at every decision threshold. Malignant class AUC of 0.990 is especially significant clinically.

Figure 5b shows the per-class AUC values; Table 7 provides per-class precision, recall, F1, specificity, and AUC.

Table 7. Per-Class EfficientNet-B3 Classification Results

Class Prec.(%) Rec.(%) F1(%) Spec.(%) AUC(%)
Normal 97.4 97.0 97.2 98.6 99.1
Benign 95.0 94.3 94.6 97.2 98.3
Premalignant 95.6 94.9 95.2 97.4 98.0
Malignant 96.8 96.5 96.6 98.3 99.0

4.4 Training Dynamics

Figure 6 shows EfficientNet-B3 training and validation loss and accuracy curves over 80 epochs. Both loss curves
converge smoothly without divergence, indicating stable training. Validation accuracy plateaus at 96.1% from
approximately epoch 65, consistent with early stopping at patience=15. The narrow train/validation gap confirms the
absence of significant overfitting [17,18,19].
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Figure 6. Training dynamics over 80 epochs. (a) Loss convergence curves. (b) Accuracy learning curves.
Dashed lines = validation; solid = training. Purple dotted line = best validation accuracy 96.1%.

4.5 Confusion Matrix

Figure 7 presents the normalized confusion matrix on the held-out test set (n=1,155). Diagonal dominance confirms high
classification accuracy across all classes. The most frequent error type is Premalignant—Benign confusion (7 cases,
2.5%), attributable to morphological overlap between early leukoplakia and benign aphthous ulcers [20,21]. Critically,
only 1 malignant case was misclassified as Normal (false negative rate 0.3%), within acceptable clinical thresholds [22].

- 100
i i 4 3 2
orms (1.3%) (1.0%) (0.7%)
- 80
i 5 7 3
crign (1.9%) (2.6%) (1.1%) L co
2 S
2 =
t —
@ S
= &
= 3 - 40
Premalighant - (1.1%)
- 20
st ¢ 1 2 7
alignary (0.3%) (0.7%) (2.3%)
-0

T T T I
Normal Benign Premalignant  Malignant
Predicted Label

Figure 7. Normalized confusion matrix for EfficientNet-B3 on the test set. Cell values show raw counts and row-
normalized recall (%). Diagonal cells (blue) = correct classifications.

4.6 Ablation Study

Figure 8a quantifies the contribution of each pipeline component. Removing the YOLOvS8 detection stage (operating
EfficientNet-B3 on full images) reduces accuracy by 1.4 pp; replacing EfficientNet-B3 with ResNet50 reduces accuracy
by 2.7 pp; omitting CLAHE preprocessing reduces accuracy by 1.3 pp. Figure 8b shows the accuracy—parameter trade-
off: EfficientNet-B3 achieves the highest accuracy at a moderate 12.2M parameters, outperforming VGG16 (138M) by
4.4 pp. Table 8 provides full ablation results [23,24,25].
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Figure 8. (a) Ablation study — classification accuracy and Fl-score for each ablated configuration. Full proposed

framework highlighted in dark blue. (b) Accuracy vs. model complexity; bubble size o< inference time.

Table 8. Ablation Study — Component Contribution Analysis

Configuration Acc.(%) | Prec.(%) | Rec.(%) | F1(%) mAP@50(%)
YOLOVS only (no classifier) | — — — — 93.1
EfficientNet-B3 only 94.7 94.1 93.8 93.9 —

YOLOvS8 + ResNet50 93.4 92.9 92.5 92.7 96.8

Full pipeline, no CLAHE 94.8 94.3 93.9 94.1 96.8

Full proposed framework 96.1 95.7 954 95.5 96.8

EJPRD

4.7 Clinical and Statistical Significance

The proposed framework achieves a malignant-class
sensitivity of 96.5% and specificity of 98.3%,
exceeding the clinically recommended sensitivity
threshold of 90% for PMD screening tools [26,27].
The AUC-ROC of 98.2% demonstrates near-perfect
discrimination across all decision thresholds.
Relative accuracy improvements over baselines:
+6.6% over CNN, +3.8% over ResNet50, +4.9%
over VGG16, +3.0% over InceptionV3, and +1.7%
over DenseNetl21 (all statistically significant at
p<0.01, McNemar's test) [28,29]. The inference
time of 22 ms per image (=45 FPS on RTX 4090)
supports real-time tele-dentistry deployment.

5. Discussion

The results confirm that integrating lesion detection
with classification creates a clinically complete
diagnostic pipeline. The superiority of EfficientNet-
B3 over ResNet50 and DenseNetl21 within the
same parameter budget is consistent with the
compound scaling principle: simultaneous depth,
width, and resolution scaling yields richer feature
representations [30]. The SE attention mechanism in
MBConv blocks is particularly effective for oral
lesion images, where subtle textural differences
surface  keratinization in  leukoplakia  vs.
erythematous changes in OSCC are diagnostically
critical.

Grad-CAM heatmaps address the principal barrier

ejprd.org - Published by Riset Publishing Services LLC

to clinical adoption of deep learning: opacity [31].
By rendering model attention as interpretable colour
maps, the framework enables pathologists to
corroborate Al findings and identify failure modes,
satisfying emerging regulatory requirements (EU Al
Act, FDA SaMD guidelines) [32].

A key limitation is the retrospective, single-
institution ~ dataset.  Prospective = multi-centre
validation across diverse populations and imaging
devices is required before regulatory submission.
The framework also lacks multi-modal inputs
(patient metadata, risk factors) that could improve
specificity.

6. Conclusion

This study presented a hybrid YOLOv8-—
EfficientNet-B3 framework for automated oral
lesion detection and classification with Grad-CAM
explainability. The framework achieved mAP@50
of 96.8% and classification accuracy of 96.1%
(AUC-ROC 98.2%) on a 5,200-image clinical
dataset, outperforming six baselines by 1.7-6.6
percentage points. Ablation analysis confirmed the
synergistic contribution of each component. With
malignant-class sensitivity of 96.5%, specificity of
98.3%, and inference time of 22 ms, the system
meets clinical thresholds for a screening tool and is
deployable in real-time tele-dentistry environments.
Future work will focus on prospective multi-centre
validation, smartphone deployment, and federated
learning for privacy-preserving scale-up.
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