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ARTICLE INFO ABSTRACT

Keywords: Oral cancer is a frequently malignant tumor that can be detected during an oral examination. Unfortunately,
Images classification it is often diagnosed in advanced stages, which leads to low survival rates of about 50% at five years. Due to
Oral cancer the low survival rate, it is crucial to develop automated systems that allow the classification of oral lesions

Oral potentially malignant disorders
Deep learning
Convolutional neural network

according to their severity, aiding in the early diagnosis of oral cancer.

This study aims to investigate the effectiveness of using clinical images and deep learning based models to
Skip connection networks perform a multiclass classification of oral mucosal lesions in color photographs taken without following any
Visual transformers acquisition protocol. The classification differentiated four classes: malignant, potentially malignant, benign and
ConvNeXt healthy. The dataset included a total of 3246 images from 1013 patients, with 40 different categories of oral
lesions, including healthy oral mucosa. The images showed different areas of the oral cavity and were captured
from different perspectives by diverse dentists and maxillofacial surgeons in the practice.

For the classification, different deep learning architectures were applied and compared, from the best
known convolutional neural networks (CNN) and skip connection networks (SCN), to more innovative
architectures such as visual transformers and a recent hybrid architecture, ConvNeXt v2. The ConvNeXt v2
Tiny architecture, with 85.53% accuracy, 85.02% precision, 85.50% recall, 84.92% F1-score, and 97.40% ROC
AUC for an input image size of 354 x 354 pixels, outperformed the other architectures on the same database.
The present model improved on previous proposals by considering a greater number of oral lesions and output

classes.
1. Introduction cancer are most prevalent in Asia and Europe [1]. Oral cancer (OC) is
a global health challenge, as it has a low survival rate of approximately
Oral and lip cancer is ranked 16th by the Global Cancer Observa- 50% within five years of diagnosis [2]. This low survival rate has
tory. The most common type is oral squamous cell carcinoma (OSCC), not improved in recent years despite established preventive programs
with the latest data in 2022 showing an incidence of 389,846 new and improved treatments for this tumor [3-5]. This may be because

cases and 188,438 deaths. The incidence and mortality of this type of
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OC is diagnosed at very advanced stages, which is associated with
worse survival, higher treatment costs, and complications such as facial
dysfunction and deformity [4,6]. Therefore, it is essential to improve
diagnostic methods that favor an early diagnosis of OC.

Oral potentially malignant disorders (OPMD) are a group of oral
lesions and conditions that increase the risk of developing OC [7,8]. The
prevalence of OPMD varies from 1%-5% with significant geographic
variation. Scientific evidence has shown that a small proportion of these
OPMD can lead to OC [7].

One of the most common clinical signs of OC is the appearance of
oral mucosa lesions. However, there is a wide variety of oral lesions,
including benign, potentially malignant, and malignant lesions. Thus,
early diagnosis of OC can be achieved by correctly diagnosing an
oral lesion, placing it on a continuum from normal oral mucosa to
malignancy. Dentists and other clinicians are therefore advised to be
alert for signs of OPMD and OC [8].

Some studies have shown that patients with OC preceded by OPMD
who attended regular check-ups were diagnosed with OC at an earlier
stage, improving their survival [9]. This is clearly important as the
5-year survival rate increases to 75%-90% when OC is diagnosed at
earlier stages [10,11]. Therefore, oral lesions should be systematically
evaluated, and those suspicious of malignancy should be referred to a
specialist for biopsy and subsequent histopathological analysis, which is
considered the gold standard. However, many clinicians do not adopt
these indications because they have difficulty diagnosing oral lesions
and require further consultations before referring the patient to the
appropriate specialist [12-16].

It is worth noting that diagnosis is complicated because there is
a great variety of oral lesions with similar clinical appearance, and
many systemic conditions can give rise to similar oral manifestations.
Conversely, oral lesions are uncommon, and many clinicians lack expe-
rience diagnosing them. All this can delay the diagnosis of oral lesions,
including OC and OPMD [14-16].

Oral lesions are visible and usually accessible when examining the
oral mucosa and can be photographed with a smartphone or reflex
camera for further analysis. Based on these images, a computer vision
system could help diagnose and classify these oral lesions, facilitating
the correct derivation of cases to the corresponding specialists and
favoring the early diagnosis of OC and OPMD. However, the develop-
ment of this system is complex and challenging due to the variability
of the images, which can capture different areas of the oral cavity
from different perspectives or even contain appliances (orthodontics,
dentures) and the specialists’ instruments.

During the past few years, research has focused on developing
automatic systems for image analysis based on artificial intelligence
techniques [17,18]. Many of these systems use deep learning tech-
niques (DL), which have had a substantial impact on this type of
problems because they allow to obtain generalizable results, where
previously it was not possible due to the high economic and time cost
of first obtaining relevant features and then modeling the relationships
of these features. When DL techniques are employed, image variability
is addressed in the proper definition of the dataset for model training,
which is composed of varied samples representing the characteristics of
the target population. DL techniques have been used for pigmented skin
lesion classification [19], lung cancer classification [20], brain tumor
detection and classification [21] and particularly in the analysis of oral
lesion images [22-24].

The main objective of this study is to investigate the effectiveness
of using clinical images and DL based models to perform a multiclass
classification of oral mucosal lesions in color photographs taken with-
out restrictions. The model will classify any image of oral lesions into
four classes according to their severity: healthy, benign, potentially
malignant, and malignant. The input to the model will be the digital
color photograph taken from any perspective and without following
any acquisition protocol. Based on our own dataset, which is larger and
more diverse than other existing ones, we will perform a comparative
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study between the most commonly used and successful architectures
for classifying oral lesions in recent years and the alternative proposed
in this research ConvNeXt v2. This comparison, realized under the
same conditions, will allow the selection of the best architecture for
the classification of oral lesions prioritizing the best model in terms
of diagnostics.This classifier may be used in an automatic system to
assist clinicians in the early diagnosis of OC and OPMD. Using just one
photograph, the model will provide a preliminary diagnosis to assess
the severity of the case and determine if a referral to a specialist is
necessary.

The remainder of the paper will be structured as follows. Section 2
describes previous studies on DL techniques applied to oral lesions
classification. Section 3 describes the materials and methods. Section 4
shows the experiments done. Section 5 reflects the analysis of the
results. Finally, Sections 6 and 7 shows the discussion and conclusions
of the study, respectively.

2. Related works

Recent studies have employed DL algorithms to diagnose OC due
to their ability to identify patterns in complex visual data [24-26].
Publications have highlighted three groups of neural networks for
classifying oral lesions: convolutional neural networks (CNNs) [27],
skip connection networks (SCN) such as ResNet [28] or DenseNet [29],
and the more recent vision transformers (ViTs) strategy [30]. The CNN
architecture is composed of a convolutional module, whose objective
is to extract the feature vector by passing through a series of filters,
and a fully connected classification module that interprets the resulting
feature vector to assign the image to a specific category. The SCN
architecture differs from CNN in the convolutional module as there are
now skip connections from one layer to another deeper layer when
the network has multiple layers. ViT also differs from CNN in the
first module of the architecture. It uses self-attention mechanisms to
understand all pixels simultaneously instead of convolutions that only
consider pixels belonging to the filter kernel.

CNNs [31] are characterized by their ability to capture local and
spatial patterns in images through convolution layers that extract fea-
tures at different levels of abstraction, and pooling layers, which reduce
dimensionality while preserving the most relevant features. Pandit
et al. [32] showed a brief description of CNNs applications in computer
vision and natural language processing. Various architectures, includ-
ing VGGNet [33], EfficientNet [34], Inception [35], MobileNet [36]
and HRNet [37], have been applied to OC. Shamim et al. [38] used
the VGGNet architecture to perform a binary (benign and precancer-
ous) and a multiclass classification of five classes of tongue lesions.
Similarly, Welikala et al. [39] employed the same architecture for a
binary classification. Tanriver et al. [40] used the EfficientNet and
Inception architectures to automatically classify oral lesions into three
classes: benign lesions, OPMD and carcinomas. Gomes et al. [41] also
employed Inception-v3 to perform a multiclass classification of six
categories in different areas of the oral cavity. In a different study,
Birur et al. [42] used the MobileNet architecture to detect malignant
and OPMD lesions in resource-poor areas, specifically in India. They
compared the performance of MobileNet, InceptionV3, and VGG19 and
showed that MobileNet significantly reduced the number of parameters
and model size with minimal difference in accuracy. On the other
hand, Lin et al. [43] used the HRNet architecture to build a multi-class
detection model for five categories: no lesion, aphthous ulcers, low-risk
OPMD lesion, high-risk OPMD lesion and OC.

SCN were developed as an evolution of the CNN to improve training
by using skip connections. This reduces the vanishing gradient and
provides richer features. Within this neural network several architec-
tures have been used such as ResNet and DenseNet. Shamin et al. [38]
used the ResNet50 architecture to conduct multiclass classification
involving five types of tongue lesions. Similarly, Warin et al. [44]
employed the same architecture for the binary classification of OPMD
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Table 1
Summary of metrics of the analyzed articles.
Architecture Type Dataset Balanced Number of  Number of Lesion zone TL Type of Unique Capture Size Accuracy Precision Recall F1-Score
size dataset classes lesions image perspective  protocol
VGGNet-19 [38] CNN 200 Yes 2 8 Tongue Yes Whole Yes Yes 224 98 - 89 -
Image

VGGNet-19 [39] CNN 2155 No 2 - Oral Yes Whole Yes Yes 224 80.88 77.06 85.71 81.16
Mucosa Image

EfficientNet-B4 [40] CNN 684 No 3 30 Multiple Yes ROI No No 380 - 86.9 85.5 85.8
Zones

Inception-v4 [40] CNN 684 No 3 30 Multiple Yes ROI No No 299 - 87.7 85.5 85.8
Zones

Inception-v3 [41] CNN 5069 No 6 6 Multiple Yes ROI No No 299 95.09 86.32 85.25 85.45
Zones

MobileNet [42] CNN 32128 No 2 7 Multiple Yes Whole No No - 79 - 82 -
Zones Image

HRNet [43] CNN 1448 No 5 - Multiple Yes ROI No No 512 - 84.3 83 83.6
Zones

ResNet-50 [38] SCN 200 Yes 5 8 Tongue Yes Whole Yes Yes 224 97 - - -

Image

ResNet-50 [44] SCN 600 Yes 2 5 Multiple Yes ROI No Yes 224 - 92 98.39 95
Zones

DenseNet-121 [45] SCN 6176 No 2 26 Multiple Yes Whole No No 224 84.1 - 89.6 -
Zones Image

DenseNet-169 [48] SCN 980 No 3 4 Multiple Yes ROI No No 224 - 95-98 95-99 95-98
Zones

DenseNet-121 [46] SCN 700 Yes 2 - Multiple Yes ROI No No 224 - 100 98.75 99
Zones

DenseNet-201 [47] SCN 2178 No 2 7 Multiple Yes Whole No No 224 - 86 85 86
Zones Image

ResNet-101 [49] SCN 2155 No 5 16 Multiple Yes Whole No No 224 - 52.13 49.11 50.57
Zones Image

ViT [47] ViT 2178 No 2 7 Multiple Yes Whole No No 224 - 77 77 77
Zones Image

Swin [47] ViT 2178 No 2 7 Multiple Yes Whole No No 224 - 86 86 86
Zones Image

and images without oral lesions. Fu et al. [45], Warin et al. [46],
and Talwar et al. [47] used different versions of the DenseNet archi-
tecture to classify oral lesions into two classes: OSCC or healthy oral
mucosa. Meanwhile, Warin et al. [48] used the same architecture to
consider three output classes, differentiating between OPMD, OSCC,
and healthy.

On the other hand, among the systems focused on detecting oral
lesions is Welikala et al. [49] that present as alternative the use of
the Faster R-CNN architecture [50] together with ResNet-101 to jointly
detect different high and low risk OPMDs and separating them into five
classes. Another example is presented by Warin et al. [44] which uses
the same Faster R-CNN architecture to locate OPMD disorders but now
the classification is performed using the ResNet-50 architecture.

In recent years, Vision Transformers (ViTs) have emerged [51] in-
spired by the Transformers widely used in natural language processing
(NLP) tasks with results that outperform those of recurrent neural
networks. ViTs incorporate attention mechanisms that relate different
image patches, although their drawback lies in their quadratic compu-
tational complexity. Swin Transformers [52] improve ViTs performance
by incorporating hierarchical feature maps and shifted windows, which
makes transformers a benchmark given their remarkable performance
on a wide range of vision tasks. A study presented by Talwar et al. [47]
used both models to distinguish between two categories of suspicious
and non-suspicious oral lesions.

Table 1 summarizes the relevant information from the previous
studies, including the architecture used, number of images in the
dataset, number of classes and oral lesions considered, area of the
oral cavity under study, use of transfer learning (TL) with pre-trained
ImageNet weights, type of input to the model differentiating between
whole image or region of interest (ROI) that includes the lesion, the
use or not of a protocol for image acquisition, size of the input images
to the model and metrics used for the evaluation. As can be observed,
prior studies have used datasets with a limited number of images and
most not exceeding 2500 images (7 of them do not exceed 1000),
except [41,42,45].

Precisely, the major drawback of all these DL strategies is that the
number of available images to train the models is usually small. Con-
sequently, these systems exhibit limitations, addressing a diminished

scope of oral lesions and offering fewer output classes. One way to
achieve satisfactory results is to reduce the problem. Table 1 shows that
the studies with better results simplify the problem by concentrating on
a particular region of the oral cavity, such as the tongue [38], analyzing
fewer lesion categories [38,41,42,44,47,48] or focusing on the region
containing the lesion rather than the whole image [40,41,43,44,46,48].
This reduces the possibility of finding artifacts, such as gloves or
medical instruments, and other oral cavity structures, such as teeth.
When more lesion categories and the complete image are considered
as input, the results worsen significantly [47,49].

Among the most recent DL techniques are hybrid architectures
that combine elements from different model types to leverage their
individual strengths. One such architecture is ConvNeXt [53], which
integrates elements from ViTs, such as GELU activation, asymmetric
stage design, and large convolutional kernels, into CNNs. These hybrid
architectures increase their ability to model long-range relationships,
limited in CNNs, and they achieve good performance on small datasets,
improving to the ViTs. ConvNeXt retains the typical CNN structure
with convolutional layers and introduces a Global Average Pooling
(GAP) layer, which flattens the output of the convolutional layers
into a single feature vector. It also incorporates “batch normaliza-
tion” and “non-linear activation functions”, which enhance learning
performance and robustness against overfitting. A variant of this ar-
chitecture, ConvNeXt v2 [54], introduces enhancements such as Fully
Convolutional Masked Autoencoders for self-supervised pretraining and
a novel Global Response Normalization (GRN) layer to strengthen inter-
channel feature competition. This second generation comes in multiple
versions, including ConvNeXt V2 Tiny, optimized for deployment in
resource-constrained environments, and ConvNeXt V2 Base, designed
to maximize accuracy and overall performance. ConvNeXt v2 outper-
forms well-known architectures in various tasks, including ImageNet
classification [53], COCO [55] object detection, and ADE20K [56]
segmentation, as indicated by Woo et al. [54]. Additionally, these
innovative architectures have recently been applied in medicine for
mammogram classification [57] and blood vessel segmentation [58],
making it a promising alternative for oral lesion classification.
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[ DenseNet 121 ] [ EfficientNet BO ]

[ MobileNetv3 S 50 ] [ MobileNetv3 S 75 ]

[ResNetvz 50 ][ Vit Base ][ Vit Tiny ][ Swin Base ][ Swin Tiny ]

[ ConvNeXtv2 Base ][ ConvNeXtv2 Tiny ]

Fig. 1. Overview of the approach for oral lesion classification.

3. Materials and methods

In order to carry out this study, it was first necessary to create a
representative and clean sample of the problem. Next, a total of 12 DL
models were implemented and evaluated with 5 metrics. Fig. 1 provides
an overview of the approach.

3.1. Dataset

For this study, a dataset of 3270 oral mucosal images was generated
from 1013 white patients. The images of the lesions were taken by
various oral medicine specialists, maxillofacial surgeons, and dentists in
Spain. The study protocol received approval from the Ethics Committee
of the Hospital San Carlos de Madrid (no. 21/187-E) and was conducted
in accordance with the ethical principles of the Declaration of Helsinki.

The final dataset of this study included RGB images in JPEG format
of the oral cavity taken with reflex cameras (with or without macro
lens or flash) and smartphone cameras of any brand or model. No
specific protocol or restrictions were followed for image capture. The
photographs were acquired from different perspectives and distances,
and included artifacts such as dental appliances, dental restorations,
gloves used by the practitioner, gauzes, separators or dental mirrors.
Images from all locations of the oral mucosa were included, from
the external aspect of the lips to the oropharynx. The distribution of
the number of images of each class according to location is shown
in Table 2, in which six locations have been distinguished, covering
images acquired from any perspective: gingiva and alveolar ridge,
buccal mucosa, palate, floor of the mouth, tongue, lip and oropharynx.
Note that the sum of the images in the table is greater than the number
of images contained in the dataset since some of them present oral
lesions visible in more than one oral location.

No images that could identify patients were collected. ROI was not
marked. Only images with sufficient definition to correctly visualize
the oral mucosa with or without oral lesions were selected. The images
were of varying resolutions, with an average image size of 3456 x 5184
pixels and a standard deviation of 806 x 554 pixels. Fig. 2 presents
several examples extracted from the database used in this study that
show the variability of the images included.

The oral lesions were clinically diagnosed by oral medicine special-
ists and maxillofacial surgeons who classified them into four groups:
healthy, benign, OPMD, and OC. Malignant and OPMD were also

Table 2

Number of images of each class separated by location.
Localization oC OPMD Benign Healthy
Gingiva and Alveolar ridge 144 464 372 94
Buccal mucosa 48 473 136 107
Palate 26 61 70 71
Floor of the mouth 36 36 13 51
Tongue 107 183 234 226
Lip 10 22 185 54
Oropharynx 6 7 12 2

Fig. 2. Different perspectives of the oral cavity under different lighting conditions.
Different appliances or instruments used by dentists can also be observed.

diagnosed histologically according to current criteria. Histological di-
agnoses were also made for certain benign lesions, such as exophytic,
blistering, or granulomatous lesions.

The OC group primarily consisted of OSCC images but also included
melanoma and verrucous carcinoma cases. The OPMD group comprised
oral lesions as defined in the WHO Collaborating Centre for Oral Cancer
Consensus Report 2020 [59]. The most common OPMDs were oral
lichen planus, leukoplakia, and proliferative verrucous leukoplakia. The
group of benign lesions includes benign tumors, fungal and viral infec-
tions, benign ulcerative lesions, white lesions, lingual changes, benign
pigmented lesions, autoimmune blistering disorders, hypersensitivity
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Fig. 3. ConvNeXt v2 Tiny architecture.

reactions, and lip lesions, among others. Additionally, up to 610 images
of healthy oral mucosa were included.

3.2. Data processing

The first step was to clean the data, which involved an automatic
part, where images that did not have three channels (not RGB) were
eliminated. A manual review was also carried out, in which blurred or
out-of-focus images were discarded. A total of 24 images were removed
from the original dataset. Consequently, the final dataset comprised
3246 images.

Table 3 presents the final distribution of images, showing the sub-
groups of oral lesions considered in each output class/group, the spe-
cific types of lesions included in each subgroup and the number of
images available for each of them.

To conduct the experiments, we used stratified sampling. The final
dataset was divided into three subsets: 70% for training, 20% for
validation, and 10% for testing. We verified that each of these subsets
contained representative samples of every class (Table 4). Further-
more, the training data underwent online data augmentation using
the Torchvision Transforms library. This was done to account for the
various conditions that may be encountered during the daily use of the
application, such as rotations, flips, changes in contrast, gaussian blurs,
and perspective changes.

3.3. Architectures

In the classification phase, we apply the most widely used DL
architectures in oral lesion classification. Particularly the used models
were EfficientNet B0, EfficientNet B1, MobileNetv3 S 50, MobileNetv3
S 75, ResNetv2 50, DenseNet 121, Vit Base, Vit Tiny, Swin Base and
Swin Tiny. In addition, as a novelty, this work proposes the use of the
ConvNeXt v2 architecture, which is briefly presented below. A detailed
description can be found at [54].

The EfficientNet BO, EfficientNet B1, MobileNetv3 S 50, Mobile
Netv3 S 75 architectures are included in the CNN subgroup. Efficient-
Net [34] modifies the depth or number of layers and the width or
number of channels per layer. The difference between EfficientNet
BO and EfficientNet Bl is the number of layers of the intermediate
blocks. MobileNetv3 [60] reduces the complexity introducing depth-
wise separable convolutions, the linear bottleneck and inverted residual

structure. ResNetv2 50 and DenseNet 121 architectures belong to the
SCN subgroup. These architectures are characterized by using skip
connections. ResNet [61] takes a previous output as an input for a
future layer, and DenseNet [29] takes all previous outputs as inputs
for a future layer. There are different versions of both architectures.
The difference between them is in the number of layers. Finally, the
ViT Base, ViT Tiny, Swin Base, Swin Tiny [51,52] belong to the ViT
subgroup. Their architecture leverages the self-attention mechanism,
enabling the model to interpret images holistically. However, ViT
models have huge number of parameters. The Tiny versions, pretrained
on large-scale datasets, was created to avoid this problem. On the other
hand, Swin is an enhancement to ViT which employs a hierarchical
structure, progressively merging patches into larger representations at
different resolutions.

The architecture of ConvNeXt v2 [54,62], shown in Fig. 3, consists
of four stages, each containing different blocks. These blocks can be
of three types: Stem, Downsample, and ConvNeXt v2. The Stem block,
present only in the first stage, is responsible for the initial image
processing. The Downsample block, located at the beginning of the
other stages, generates a multiscale hierarchical feature map. Finally,
the ConvNeXt v2 block, which is the fundamental block of the model,
present in all states. This last block, shown in Fig. 3, contains the
novel non-linear activation gaussian error linear unit (GELU) [63] and
the global response normalization (GRN) [54] module. GRN aims to
improve the feature map by increasing contrast and channel selectivity.

This study uses two versions of the architecture, Tiny and Base [54].
Tiny version (Fig. 3) consists of 4 stages, each with a different number
of ConvNeXt v2 Blocks (3, 3, 9, and 3, respectively). Base version also
consists of 4 stages with a varying number of ConvNeXt v2 Blocks (3,
3, 27, and 3, respectively). Thus, the initial part of this architecture
remains identical to that depicted in Fig. 3. However, in stage 3, the
number of ConvNeXt v2 Blocks increases from 9 to 27. Consequently,
the Tiny version, with approximately 28M parameters, is less dense
than the Base version, which has almost 87M parameters.

3.4. Hyperparameter configuration and model training

The hyperparameter settings used in model training were the same
for both models and included a maximum of 100 epochs, transfer
learning (TL) from ImageNet [53], and batch size of 8 images. The
appropriate batch size was determined through experimentation with
different values (4, 8, 16, and 32), being 8 the optimum.
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Distribution of the 3246 images used in this work in class/group, subgroups-types of lesion for each output class.

Class/Group Subgroup-Lesion type Number of images Total
Oral squamous cell carcinoma 329
oC Melanoma 16 347
Verrucous carcinoma 2
Oral lichen planus 886
OPMD Leulfoplalfla . 228 1238
Proliferative verrucous leukoplakia 113
Other potentially malignant disorders 11
Fibroma 101
Angioma 54
Torus and exostosis 46
. Pyogenic granuloma 41
B
enign tumors Papilloma 37
Mucocele 15
Gingival enlargement 15
Other benign tumors 20
Erythematous candidiasis 27
Fungal-associated infections Angular cheilitis 13
Pseudomembranous candidiasis 12
Viral infections Re‘current oral .herpfes s1.mp1e).< 43
Primary herpetic primoinfection 12
Recurrent aphthous stomatitis 38
. . . . Behcet disease 18 1056
Bening Benign ulcerative lesions R
Traumatic ulcers 79
Other benign ulcers 14
Frictional hyperkeratosis 45
Benign white lesions Linea alba 14
Other benign white oral lesions 52
Coated tongue 23
Benign lingual alterations Geographic tongue 23
Other non-pathological alterations of the tongue 20
. . Oral melanotic macule 30
Pigmented lesions of the oral mucosa . . .
Other non-pathological pigmentations of the oral mucosa 6
Autoimmune blistering disorders Pemphigoid 142
Angioedema 43
Hypersensitivity reactions Contact stomatitis 27
Other hypersensitivity reactions 33
. . Desquamative lip lesions 7
Lip lesions Granulomatous cheilitis 3
Other lesions Tonsillitis 3
Healthy Healthy 605 605
Table 4

Number of samples in each subset of data obtained with random seed 13.

Number of images per subset Training images

Validation images

Test images Total number of images

Malignant 236 (68.01%)
Potentially malignant 880 (71.08%)
Benign 725 (68.65%)
Healthy 431 (71.24%)

78 (22.48%)
223 (18.02%)
227 (21.5%)
121 (20%)

33 (9.51%)
135 (10.9%)
104 (9.85%)
53 (8.76%)

347 (100%)
1238 (100%)
1056 (100%)
605 (100%)

On the other hand, the models used advanced hyperparameters
such as the Nadam (Nesterov-accelerated Adaptive Moment Estimation)
optimizer [64], categorical cross entropy [65] for the loss function,
ReduceLROnPlateau [66] for the learning rate, ImageNet [53] for TL,
L2 regularization [67], and early stopping.

The algorithms required between five and ten hours to be fully
trained in a high-performance environment with Nvidia V100 GPUs.
This is due to the large number of mathematical operations, such as
derivatives, needed to fit the nearly 28 million parameters present
in ConvNeXt v2 Tiny. However, the inference time was reduced to
10-50 ms per image.

4. Model evaluation

4.1. Metrics

The purpose of model evaluation [68] is to assess its ability to make
accurate predictions on unseen data (test set) after training. In this
study, we conducted a quantitative analysis using various metrics to
compare models trained on the same dataset. The evaluation metrics
employed were accuracy, precision, recall, and F1-score.

TP+TN
Accuracy = (€]
TP+ FP+TN+FN




A. Redondo et al.

Precision = _Ir 2)
TP+ FP
Recall = _Tr 3)
TP+ FN

recall x precision

€]

Fl1 —score=2 % ——
recall + precision

where, for a given class C;, TP, TN, FP, FN represent the True Positives,
True Negatives, False Positives and False Negatives, respectively.

A valuable tool for evaluating the performance of classification
models is the Receiver Operating Characteristic (ROC) curve, along
with its associated metric—the Area Under the Curve (AUC-ROC) [69].
The ROC curve is a graphical representation that shows the relation-
ship between the true positive rate and the false positive rate across
different decision thresholds. This visualization allows for analyzing
the model’s ability to discriminate between classes, which can assist
physicians in selecting the most appropriate threshold to optimize the
correct identification of a specific class over the others. The AUC-ROC
metric provides a scalar value between 0 and 1 that summarizes the
overall performance of the classifier. This value is particularly useful
for comparing different classification models, especially in contexts
with imbalanced classes, where other metrics such as accuracy may be
misleading due to their bias toward the majority class.

4.2. Experiments to evaluate the study

This study presents two sets of experiments designed to evaluate
algorithm performance using the generated dataset. The first experi-
ment used the most common architectures in the classification, as well
as the proposed architecture, ConvNeXt v2. The objective in all cases
was to classify the severity of oral lesions into four classes: healthy,
benign, potentially malignant, and malignant. The experiment allowed
the selection of the three most suitable architectures based on metrics.
In the second experiment, we examined the impact of the input image
size on the three previously chosen models to determine the optimal
solution.

4.2.1. Experiment 1. Choice of architectures

As previously stated, this experiment aimed to identify the top three
performing configurations, that is, those that demonstrated superior
performance across the most metrics. Two key factors were considered
for each architecture: the use of TL and the density of the architecture.
Firstly, for the same architecture, more and less dense models were
chosen, for example, from the ConvNeXt v2 architecture, the Base and
Tiny models were selected, with Tiny having fewer parameters than
Base. For each selected model, two runs were performed: one using
TL from ImageNet [53] to initialize the model parameters and the
other using the gaussian initializer. To ensure result comparability, we
standardized the input image size to 224 x 224 pixels and consistently
split the dataset across all configurations (see Table 4). We opted for
an image size of 224 x 224 pixels due to constraints in computing
resources. In addition, we repeated random train-validation-test splits
three times to provide a reliable estimate of model performance. The
outcomes were consistent, with metric values differing by no more than
1.5 points.

4.2.2. Experiment 2. Choice of image size

The objective of this experiment was to determine the optimal input
image size. The choice of image size represents a trade-off between
image quality and processing time. The larger the image size, the
more detail is preserved in textures, edges, and small regions, which
can help improve classification accuracy, but it could also lead to
the model being overfitted to irrelevant details when a large dataset
is not available. On the other hand, processing time must also be
considered, as it increases with larger image sizes.Taking this into
account, three image resolutions have been evaluated: 224 x 224,
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Fig. 4. Bubble chart in which each circle represents a model. The horizontal position
indicates the GFLOPs, the vertical position the accuracy and the circle size the number
of parameters for 224 x 224 pixel input images.

384 x 384, and 512 x 512 pixels. These image sizes, which are no larger
than 512 pixels per dimension, facilitate training on GPUs with 16 GB
of VRAM. Consequently, predictions entail minimal computational de-
mands, facilitating the use of these models by users without access to
high-performance environments.

5. Results

Table 5 presents the results of the first experiment, including the
model name, neural network type, whether TL was applied, and the
evaluation metrics on the test set. Upon examining this table, it is
evident that TL was essential in achieving a satisfactory performance.
Additionally, the use of TL decreased the number of training epochs
required (a good model was obtained within the first 20 epochs).
Conversely, performances without TL exhibited slower convergence
rate, were more unstable, and yielded inferior results. It was observed
that less dense models performed better for the same architecture,
likely due to the dataset size. Thus, the architectures that exhibited the
best metrics, as shown in Table 5, were ConvNeXt v2 Tiny, DenseNet
121, and EfficientNet BO, which were trained using TL and an input
image size of 224 x 224 pixels, which was the resolution mostly used
in the studies presented in Table 1. These architectures achieved above
80% on all metrics.

On the other hand, a comparison of all these models in terms of
computational and spatial complexity, when the input to the network
is an image of size 224 x 224 pixels, is shown in Table 6, whose values
have been extracted from the original articles [29,34,51,52,54,60,61].
Computational complexity is measured in GFLOPs (Giga Floating Point
Operations per Second) which indicates how many billions of floating
point operations are required to process an input through the network.
Spatial complexity is the amount of memory a model needs during
its execution, including the storage of the model parameters (weights
and biases). It is observed that the ConvNeXt v2 Tiny model has a
worse computational complexity than CNNs and SCNs (see Table 6),
however performance metrics are better (see Table 5). This idea is
clearly observed in the bubble chart of Fig. 4, in which the GFLOPs,
accuracy and number of parameters of all models are represented. It
can also be observed that the model with the lowest value of GFLOPs
is MobileNetv3 S 50 however its metric scores are in the order of 70%.

Table 7 presents the results of the second experiment, including
the model name, neural network type, size of the input images, and
performance metrics obtained on the test set for the three best ar-
chitectures (ConvNeXt v2 Tiny, DenseNet 121 and EfficientNet BO).
This table indicates that the worst performance occurred with images
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Table 5
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Results of Experiment 1: Performance obtained with different architectures. The three best values for each of the
metrics have been marked in bold and the three best models with the best overall values have been painted in

green.
Architecture Type TL Accuracy  Precision  Recall Fl-score = ROC AUC
ConvNeXt v2 Base Hybrid Yes 79.69 79.03 7898  78.37 95.33
ConvNeXt v2 Base Hybrid No 46.76 54.57 37.06 38.84 70.58
ConvNeXt v2 Tiny Hybrid Yes 82.76 81.96 83.15 82.41 95.46
ConvNeXt v2 Tiny Hybrid No 44.0 45.71 39.26 40.32 73.96
DenseNet 121 SCN Yes 81.53 81.77 82.42 81.75 95.31
DenseNet 121 SCN No 55.38 56.97 58.49 55.63 80.90
EfficientNet BO CNN Yes 81.23 78.35 82.49 79.86 95.59
EfficientNet BO CNN No 48.30 45.70 50.40 46.95 75.02
EfficientNet B1 CNN Yes 79.38 78.31 79.86 79.04 93.85
EfficientNet B1 CNN No 41.23 30.93 31.07 30.23 59.06
MobileNetv3 S 50 CNN Yes  68.92 69.73 72.11 70.38 89.96
MobileNetv3 S 50 CNN No 51.38 51.96 47.64 48.05 77.63
MobileNetv3 S 75 CNN Yes 67.38 69.19 71.29 68.65 89.57
MobileNetv3 S 75 CNN No 50.15 47.79 49.86 48.35 76.84
ResNetv2 50 SCN Yes  79.07 78.06 81.16 79.15 94.02
ResNetv2 50 SCN No 52.0 51.44 57.44 52.33 79.16
Swin Base ViT Yes 78.46 77.18 80.12 78.37 93.29
Swin Base ViT No 43.69 30.23 35.42 31.28 69.61
Swin Tiny ViT Yes 77.23 77.91 76.12 76.44 93.90
Swin Tiny ViT No 46.46 45.11 50.33 46.56 74.47
ViT Base ViT Yes 67.07 66.58 68.07 67.02 88.62
ViT Base ViT No 46.15 44.29 38.71 39.65 68.34
ViT Tiny ViT Yes  79.07 79.62 77.72 78.56 94.86
ViT Tiny ViT No 43.38 49.50 40.98 42.46 72.67
Table 6 ROI by the clinician. Our proposal expands the number of oral lesions
Computational and spatial complexity of DL models. and output classes without the need for clinician intervention.
Architecture GFLOPs Parameters As a preliminary step, we created a new database with images
ConvNeXt v2 Base 15.4 87 696 900 from various clinicians. The images were annotated and reviewed by
ConvNeXt v2 Tiny 4.47 27869572 specialists in the field such as dentists specialized in oral medicine and
DenseNet 121 2.9 6957956 maxillofacial surgeons. As the images came from different clinicians,
EfficientNet BO 0.39 4012672 it was necessary to clean the dataset by removing those that were too
EfficientNet B1 0.7 6518308 small, not in RGB format or blurred.
MobileNetv3 S 50 0.06 572324 The experiments enabled the comparison of several well-known
MobileNetv3 § 75 0.09 1020972 DL architectures on the same image dataset. Among the three best
ResNetv2 50 4.12 23508 548 . . . ,
Swin Base 15.4 86747 324 architectures, ConvNeXt v2 Tiny (this study’s novel proposal) standed
Swin Tiny 45 27529430 out slightly when the input size was 254 x 254 pixels, which was the
ViT Base 17.6 85801732 usual size in the literature. In addition, in this study, we experimented
ViT Tiny 1.3 5525188 with variations in the size of the input image, always considering the

scaled to 224 x 224 pixels, whereas the best outcomes were consistently
achieved with images sized at 384 x 384 pixels. Among them, the
ConvNeXt v2 Tiny model stands out again, with values for 384 x 384
pixel images of 85.53% accuracy, 85.02% precision, 85.50% recall,
84.92% F1-score and 97.40% ROC AUC.

6. Discussion

This study analyzed the performance of twelve DL models for classi-
fying the severity of oral lesions in images into four categories: healthy,
benign, potentially malignant and malignant. The study included 40
specific types of oral lesions, including healthy oral mucosa, located
anywhere in the oral cavity. In addition, no protocol was established to
capture the images, and it was not required for the clinician to specify
the location of the lesion, since the input to the model was the complete
image. In previous studies, the number of lesions is significantly lower,
and images are usually classified into just two categories (see Table 1).
Studies that use the whole image as input to the model analyze 26 or
fewer lesion types. This number increases to 30 when the model input
is a ROI, in which performance improves slightly due to the reduced
input information. However, these models require localization of the

dataset size and its use in devices with limited computational resources,
such as mobile phones. The ConvNeXt v2 Tiny architecture, using
384 x 384 input images, demonstrated the best performance for oral
lesion classification, achieving an accuracy of 85.53%, a precision of
85.02%, a recall of 85.50%, an F1-score of 84.92%, and a ROC AUC
of 97.40%. However, the values in the metrics of the EficientNet BO
model also showed good performance, close to the ConvNeXt v2 Tiny
model for all image sizes considered.

If we observe the studies summarized in Table 1 that used the com-
plete image as input and different areas of the oral cavity, DenseNet-
201 [47] stands out with a Fl-score of 86%. However, in this study,
only seven different oral lesions and two output classes are considered,
significantly reducing the learning difficulty. In the case of DenseNet-
121 [45], with an accuracy of 84.1%, only 26 oral lesions and 2 output
classes are considered. These values are similar to those achieved with
ConvNeXt v2 Tiny but, in our case, we employed a higher number of
output classes and oral lesion types. In Table 1 it is observed that when
the number of classes is increased as in [49], the F1-score is reduced to
50.57%. Therefore, our proposal has considerable improvements over
previous studies. For a future application to help diagnose oral lesions
by assisting dentists and other medical professionals, it is important
to classify them into at least four classes. It is necessary to distinguish
benign lesions, which will not progress to OC, from OPMDs that may
progress to OC and need to be biopsied and periodically reviewed by
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Table 7
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Results Experiment 2. Performance obtained with different architectures and different image sizes. The best value
for each of the metrics has been marked in bold and the model with the best overall values has been painted

green.

Architecture Type Size  Accuracy Precision Recall Fl-score = ROC AUC

ConvNeXt v2 Tiny Hybrid 224  82.76 81.96 83.15 8241 95.46

ConvNeXt v2 Tiny Hybrid 384 85.53 85.02 8550  84.92 97.40

ConvNeXt v2 Tiny Hybrid 512 83.07 83.39 82.64 82.94 96.92

DenseNet 121 SCN 224 81.53 81.77 82.42 81.75 95.31

DenseNet 121 SCN 384 84.30 82.23 85.05 83.16 96.52

DenseNet 121 SCN 512  81.84 79.45 82.59  80.67 95.19

EfficientNet BO CNN 224 81.23 78.35 82.49 79.86 95.59

EfficientNet BO CNN 384 84.92 83.22 86.90 84.69 97.22

EfficientNet BO CNN 512 82.15 80.05 84.83 81.94 96.77
specialists. Periodic review of OPMDs by specialists can aid in the early 120
diagnosis of OC. Early detection of OC will reduce treatment costs and ——
impact patients’ quality of life. Moreover, OC lesions should be referred 100
with the utmost urgency for treatment by the maxillofacial surgeon. We
believe that since specialized medical care is expensive and insufficient < Potentiallymalignant 8o
in some countries, it is necessary to prioritize urgent cases to provide = 60
adequate service and contain costs. If only two classes (benign and é )
malignant) were handled, a coarse classification is being made with the Rerign 40
risk of not making an early diagnosis of OC. Therefore, the four output
diagnoses proposed in this study give a functionality and an answer to healthy 20
the reality of the diagnostic problem of oral lesions surpassing other "

previous tools.

The study of prediction errors in classes that are particularly sensi-
tive from the medical point of view can be achieved using the confusion
matrix (see Fig. 5). The best model, ConvNeXt v2 Tiny 384 x 384 pixels,
misclassified 9.09% of malignant cases as potentially malignant and
9.09% as benign. In the first case we believe that this is not a big
mistake, as OPMD should be biopsied and therefore the biopsy would
show that it is an OC, but the case of a misdiagnosis of OC as a benign
lesion, it poses a significant error. However, whether these cases have
been mistaken for a benign lesion that needs to be biopsied or removed
should be further studied to assess the extent of the error. On the other
hand, the model classified 5.1% of OPMD cases as benign. These cases
should also be further reviewed to assess whether the confusion is with
lesions requiring biopsy or excision. Finally, the model classified 5.1%
of OPMD cases as healthy. These errors are important and could be
due to the fact that few images of certain types of lesions are available.
Therefore, it is necessary to evaluate each individual case and further
research to assess, in the near future, whether a larger dataset with
proportional representativeness of all types of lesions can solve these
problems and increase accuracy.

The future implementation of an automatic system based on DL
models such as the one proposed in this study could pose several
difficulties. Among them is the knowledge and skill to use mobile
applications, which could be aggravated in professionals without tech-
nological knowledge. In addition, the quality of the cameras is not the
same in all cell phones, which could influence detection. On the other
hand, although today most of the world’s inhabitants have access to
the Internet, there may be regions with low coverage. It must also be
assumed that there may be a risk of obtaining a wrong diagnosis, so,
confirmation by the specialist is necessary. This could be a problem
in poor countries with difficulties of referral to specialized centers.
Finally, it is important to improve the dataset to cover the entire world
population and reduce racial bias, as only images of white Spanish
patients were included in our study.

7. Conclusion and future work
In this study, the aim was to select the best DL architecture for the

diagnosis of oral lesions in four classes according to the severity of the
lesion from clinical images. Notably, it imposed no restrictions on the

benign
healthy

o
c
]
c

2

®
£

potentiallymalignant

Predicted label

Fig. 5. Confusion Matrix of the ConvNext v2 Tiny model 384 x 384 pixels.

type of lesion or the area in which it was located. The input to model
were small photographic images with a size of 384 x 384 pixels. The
advantage of this image size is the possibility of using it in environ-
ments with scarce computer resources. According to the performance
metrics, the new ConvNeXt v2 Tiny model for 384 x 384 pixel images
presents the most satisfactory results, achieving an accuracy of 85.53%,
precision of 85.02%, recall of 85.50%, F1-score of 84.92%, and ROC
AUC of 97.40%.

This study may help to develop a tool to assist healthcare profes-
sionals in making a first diagnosis of the severity of oral lesions and
help in the early diagnosis of OC. However, for clinical application, it
would be necessary to further improve the performance of the system
by avoiding errors in the classification of OC or OPMD type lesions.
Therefore, it is crucial to increase the dataset with more representative
samples of all oral lesions and to balance the dataset to increase the
accuracy and reliability of the developed model.

Finally, also as future work, inspired by Rabinovici-Cohen et al.
[70], who advocate for leveraging image metadata such as lesion
appearance and location within the classification layer of CNN models
to improve OSCC classification, we suggest a model based on different
types of data. This approach would integrate color oral images with
structured patient data to enable more personalized predictions. This
method would exploit crucial data from the patient’s medical history
including smoking habits, alcohol consumption, existing diseases, and
medication use.
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