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Abstract—Oral Squamous Cell Carcinoma (OSCC) is the most
prevalent form of oral cancer, accounting for approximately
90% of cases worldwide. Early and accurate diagnosis is critical
for improving patient outcomes, yet traditional histopathological
analysis remains subjective and time-consuming. This study
presents a systematic benchmark comparing the performance
of eleven convolutional neural network (CNN) architectures for
the automated classification of OSCC in histopathological images.
Using a publicly available dataset, all models were trained and
evaluated under uniform conditions. Metrics such as accuracy, re-
call, precision, F1-score, and AUC-ROC were employed to assess
performance. Results demonstrated that EfficientNetB3 achieved
the highest accuracy (94.12%) and overall robustness, outper-
forming other architectures. This study provides a comprehensive
comparative analysis of CNNs for OSCC detection, highlighting
the potential of modern architectures like EfficientNet to enhance
diagnostic precision. The standardized benchmark established
here facilitates future research and clinical integration of deep
learning tools for histopathological cancer diagnosis.

I. INTRODUCTION

Oral cancer represents a major global public health chal-
lenge, with high morbidity and mortality rates due to late
diagnosis [1], [2]. In Brazil, this malignancy ranks among the
most prevalent cancers for the 2023-2025 triennium according
to National Cancer Institute (INCA) estimates [3]. Among its
variants, Oral Squamous Cell Carcinoma (OSCC) accounts
for approximately 90% of cases, primarily affecting men over
60 with histories of tobacco use, alcohol consumption, and
prolonged sun exposure [2], [4].

Despite its clinical significance, diagnosis still heavily relies
on histopathological analysis, which is susceptible to inter- and
intra-observer variability [5]. In this context, deep learning
techniques applied to histopathological images have emerged
as a promising solution to support pathologists, reducing
diagnostic errors and enabling earlier detection [6]-[9].

Convolutional Neural Networks (CNNs), have demonstrated
remarkable performance in classification of histopathological
images within Digital Pathology, achieving results compa-
rable to expert pathologists [10]-[12]. A critical factor in
these models’ success is their generalization capability, often
enhanced through data augmentation strategies that simulate
tissue variability while reducing overfitting risks [1], [13].

Luana Batista da Cruz

Federal University of Cariri (UFCA)
Juazeiro do Norte, CE - Brasil — MA — Brasil
Email: luana.batista@ufca.edu.br

This work presents a systematic analysis of CNN archi-
tectures for automated OSCC detection in histopathological
images. We compare eleven state-of-the-art architectures under
standardized experimental conditions to identify the optimal
accuracy-robustness trade-off. Our key contributions include:

e A evaluation of eleven CNN architectures for OSCC
classification in histopathology, ensuring fair and stan-
dardized experimental comparisons across all models.

o A critical assessment of architectural suitability for digital
pathology applications, including clinical implementation
challenges and computational efficiency analysis.

II. RELATED WORK

Recent research has significantly advanced the application
of CNNs for automated detection of OSCC in histopatho-
logical images. The work by [14] demonstrated promising
results by integrating multiple CNN architectures (VGG16,
AlexNet, ResNet50, and InceptionV3) with Binary Particle
Swarm Optimization (BPSO) for feature selection and XG-
Boost for classification, achieving an accuracy of 96.3%. In a
different approach, [15] utilized transfer learning with AlexNet
to distinguish between normal and OSCC images, attaining
90.06% test accuracy.

The field has progressively evolved to evaluate more sophis-
ticated architectures. [10] conducted a comprehensive compar-
ison between traditional CNNs, transformer-based models, and
few-shot learning techniques, with DenseNet-121 emerging
as the most effective model at 91.91% accuracy. Expand-
ing on this, [11] developed an ensemble method combining
multiple CNNs (AlexNet, ResNet, Inception, and Xception)
that achieved 97.88% accuracy. Parallel research by [12]
implemented an enhanced ResNet architecture with advanced
data augmentation techniques, reaching 96.72% accuracy.

Recent advances in [1] systematically compared four mod-
ern architectures (VGG16, ResNetl01, MobileNetV2, and
InceptionV3), identifying ResNet101 as the top performer with
97.21% accuracy. Notably, studies by [16] and [4] explored
the EfficientNet-B3 architecture, reporting unprecedented ac-
curacy levels up to 98.00%, solidifying its position as a leading
model for biomedical image analysis.



Despite these significant advancements, current literature
reveals two critical limitations that our study addresses. First,
most existing works concentrate on limited architecture selec-
tions or specific combinations while employing inconsistent
experimental protocols, making direct comparisons unreliable.
Second, no prior study has conducted a comprehensive eval-
uation of diverse, state-of-the-art CNNs under standardized
training and validation conditions.

Our research directly addresses these gaps by implementing
a systematic benchmark of eleven distinct CNN architec-
tures. This unified evaluation identifies the optimal balance
between performance and robustness and establishes the first
standardized comparative analysis for OSCC classification
in histopathology, providing valuable insights for both the
computer vision and medical research communities.

III. MATERIALS AND METHODS

Our method comprises four key steps, as illustrated in Fig. 1.
The following subsections detail each stage.
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Fig. 1. Method workflow overview.

A. Dataset

We developed our method using a public histopathological
image dataset of OSCC available on Kaggle [17], containing
Hematoxylin and Eosin (H&E)-stained samples classified as
Normal and OSCC. Certified pathologists collected the orig-
inal high-resolution images (2040 x 1536 pixels), which we
stratified into training (70%), validation (15%), and test (15%)
sets. Figure 2 shows representative samples from each class.

The original dataset included pre-established data aug-
mentation, yielding 2,435 Normal and 2,511 OSCC images.
However, the unaugmented dataset contained only 231 Normal
and 747 OSCC cases, revealing disproportionate augmentation
- the Normal class was artificially increased 10x compared to
just 3x for OSCC, potentially introducing deep learning model
bias.

To ensure a replicable benchmark with rigorous experimen-
tation, we implemented the following protocol:
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Fig. 2. Representative H&E-stained histopathology samples: (A) Normal oral
mucosa showing intact epithelial layers, (B) OSCC demonstrating invasive
tumor islands with keratin pearls. Scale bar: 500pm.

o Used only the original 978 samples (231 Normal + 747
OSCCQ).

o Applied data augmentation exclusively to the minority
class during preprocessing.

o Eliminated artificial samples from validation and test sets.

The following section details our preprocessing and data
augmentation pipeline, specifically designed to prevent model
bias while maintaining histopathological validity.

B. Preprocessing

We resized images to 224 x 224 pixels, the standard input
dimension for CNN’s [18], [19], and normalized pixel values
to the [0,1] to ensure compatibility with ImageNet pretrained
weights. To address the 1:3 class imbalance, we applied data
augmentation exclusively to the minority class (Normal) until
matching the majority class (OSCC) sample count.

Our augmentation pipeline included: Random rotations;
Horizontal and vertical flips; Brightness variations; and Zoom
transformations.

Unlike the original dataset’s disproportionate augmentation
(10x oversampling of Normal class), our controlled approach:

o Balanced class distribution without bias introduction.

o Preserved histopathological validity through medically
plausible transformations.

o Excluded augmented samples from validation/test sets.

This step generated sufficient training diversity while pre-
venting model bias from artificial sample overrepresentation,
ultimately improving generalization capability on real clinical
samples.

C. CNNs Classification

We evaluated 11 representative CNN architectures spanning
different generations of deep networks, all initialized with
ImageNet pretrained weights [20] and adapted for binary
classification. Training employed the Focal Loss [21], which
emphasizes learning from more challenging instances, enhanc-
ing the model’s robustness. The architectures comprise:

e VGGI16: a classical architecture with 16 convolutional
layers in sequential blocks, widely adopted in medical
imaging tasks. Its uniform depth serves as an important
baseline for comparison with newer models.



o ResNet50/101: Residual networks (50 and 101 layers)
featuring skip connections to address vanishing gradients.
The deeper ResNetl01 variant tests whether additional
depth improves the detection of subtle histopathological
patterns.

o InceptionV3: utilizes parallel multi-scale convolutional
filters (inception modules) to capture hierarchical features
across different magnification levels.

o DenseNet121: implements dense connectivity where each
layer receives feature maps from all preceding layers, pro-
moting feature reuse and reducing gradient issues which
is particularly advantageous for complex histopathology
textures.

o Xception: an Inception evolution using depthwise sepa-
rable convolutions for improved computational efficiency
without accuracy loss.

« EfficientNet Family: a series of models (BO-B4) opti-
mized through compound scaling:

— BO0-B2: progressively more complex variants (BO:
baseline; B1-B2: intermediate).

— B3: the optimal balance (48 layers) with squeeze-
and-excitation attention for critical local feature de-
tection.

— B4: the largest tested variant evaluating marginal
gains from added complexity.

This selection enables comparison of absolute model perfor-
mance and highlights clinical trade-offs. These include model
complexity, computational efficiency, and generalization capa-
bility in real-world diagnostic scenarios.

D. Validation Metrics

We evaluated model performance using well-established
metrics in medical decision-support systems [21], including
accuracy (overall proportion of correct classifications), recall
or sensitivity (ability to correctly identify positive OSCC
cases), precision (proportion of true positives among samples
classified as positive), Fl-score (harmonic mean of precision
and recall), and the area under the ROC curve (AUC), which
measures the separability between classes.

IV. RESULTS AND DISCUSSION

This section presents the training environment, the results
obtained for the 11 architectures, and a comparison with the
literature.

A. Training Environment

We conducted all experiments on a machine equipped with
an Intel® Core™ i7 processor running at 2.90 GHz, an
NVIDIA RTX 4060 GPU with 8 GB of dedicated memory, 16
GB of RAM, and Windows 11 Pro as the operating system.

Before training, all images underwent the preprocessing and
data augmentation steps described in Section III-B, ensur-
ing experimental consistency across models. We trained all
architectures under the same conditions: 20 epochs, Adam
optimizer, Focal Loss function, and monitoring of the best
Fl-score on the validation set.

B. CNN Classification

Table I reports the results obtained on the test set for the
11 evaluated architectures.

TABLE I
COMPARISON OF CNN ARCHITECTURES.
Architectures Accuracy Recall Precision  Fl-score ~AUC-ROC
VGG16 79.17% 98.91% 79.13% 87.92% 69.72%
ResNet50 86.67% 98.91% 85.85% 91.92% 80.94%
ResNet101 83.33% 97.82% 83.33% 90.00% 83.54%
InceptionV3 91.67% 93.47% 95.56% 94.51% 91.65%
Xception 92.50% 94.56% 95.60% 95.08% 91.73%
DenseNet121 90.83% 92.39% 95.51% 93.92% 93.28%
EfficientNetBO 83.33% 100.00% 82.14% 90.20% 82.14%
EfficientNetB 1 84.17% 92.39% 87.63% 89.95% 83.35%
EfficientNetB2 92.33% 94.85% 93.57% 94.13% 93.711%
EfficientNetB3 94.12% 95.93% 95.23% 95.54% 95.06%
EfficientNetB4 93.41% 95.12% 94.26% 94.63% 94.49%

We observed that modern EfficientNets (B2-B4) achieved
accuracy above 92%, with EfficientNetB3 standing out as the
best overall performer. Classical models, such as VGG16,
maintained high recall but compromised precision and AUC-
ROC, indicating lower robustness for OSCC detection.

Beyond individual results, this study establishes a uniform
benchmark for comparing different CNN architectures. All
networks were evaluated under the same experimental condi-
tions, using the same test set, preprocessing steps, and training
protocols. This consistent framework provides a comprehen-
sive view of performance evolution across generations of
CNNe .

Therefore, the study not only identifies the most promising
architectures but also delivers a robust benchmark for fu-
ture comparisons, validations, and improvements, consistently
contributing to advances in computer-assisted diagnosis of
histopathological images.

C. Comparison with the Literature

Table II summarizes the main related works, along with the
best result obtained in this study, enabling a direct comparison
between methods and architectures.

TABLE II
COMPARISON WITH THE LITERATURE.

Author(s) Architecture(s) Accuracy Recall Precision
[14] InceptionV3 96.30% — —
[15] AlexNet 90.06% — —
[10] DenseNet-121 91.91% 91.93% 91.93%
[11] ResNet + Xception 97.88% — —
[12] ResNet 96.72% — —
[1] ResNet101 97.21% — —
[16] EfficientNetB3 98.00% — —
[4] EfficientNetB3 98.00% 98.00% 98.00%
Best Architecture EfficientNetB3 94.12% 95.93% 95.23%

Although none of the tested architectures reached the
maximum values reported in the literature, EfficientNetB3
achieved the best performance among the networks evaluated
in this study, confirming a trend similar to that observed in
related works. The main contribution of this study lies in
the evaluation of 11 different architectures under standardized
conditions, creating a robust benchmark. This approach allows



not only the assessment of each network’s performance but
also an objective comparison across different generations of
CNNs. By limiting augmentation to the minority class, our
approach reduces the risk of data leakage and enables a more
rigorous assessment of model generalization.

Furthermore, the main contribution of this study lies in
the systematic evaluation of 11 CNN architectures under
standardized conditions, establishing a robust benchmark. This
approach enables not only the assessment of each network’s
performance but also a controlled comparison across different
CNN generations, highlighting trade-offs between recall, pre-
cision, and AUC-ROC. By providing such a framework, the
study offers a solid reference for future research on OSCC
detection and medical computer vision applications.

D. Conclusion and Future Work

The study demonstrated that modern CNN architectures,
particularly EfficientNetB3, outperform classical networks in
OSCC detection, consistently balancing recall, precision, and
AUC-ROC. The main value of this work lies in creating
a robust benchmark by evaluating 11 architectures under
standardized conditions. This benchmark provides a clear
reference for selecting networks in clinical applications and
contributes to the standardization of future comparisons in
medical computer vision.

Future work may explore ensembles of architectures to fur-
ther enhance accuracy and robustness, as well as the integra-
tion of attention mechanisms or Transformer-based approaches
tailored for medical imaging. Expanding the benchmark to
include different types of oral lesions and additional datasets
will also enable the evaluation of model generalization in
broader clinical scenarios.
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