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Simple Summary: The research aimed to address the challenges in the early diagnosis of Oral
Squamous Cell Carcinoma (OSCC), a critical concern given its high fatality rate and global prevalence.
Through the development of hybrid methodologies, the study sought to improve early diagnosis,
reduce the burden on pathologists, and enhance the accuracy of OSCC diagnosis. By employing
transfer learning, a combination of CNN and SVMs, and a fusion of deep and texture-based features,
the research achieved a significant overall accuracy of 97.00%, effectively addressing the critical
problem of timely and accurate OSCC diagnosis.

Abstract: Oral cancer is a fatal disease and ranks seventh among the most common cancers through-
out the whole globe. Oral cancer is a type of cancer that usually affects the head and neck. The
current gold standard for diagnosis is histopathological investigation, however, the conventional
approach is time-consuming and requires professional interpretation. Therefore, early diagnosis
of Oral Squamous Cell Carcinoma (OSCC) is crucial for successful therapy, reducing the risk of
mortality and morbidity, while improving the patient’s chances of survival. Thus, we employed
several artificial intelligence techniques to aid clinicians or physicians, thereby significantly reducing
the workload of pathologists. This study aimed to develop hybrid methodologies based on fused
features to generate better results for early diagnosis of OSCC. This study employed three different
strategies, each using five distinct models. The first strategy is transfer learning using the Xception,
Inceptionv3, InceptionResNetV2, NASNetLarge, and DenseNet201 models. The second strategy
involves using a pre-trained art of CNN for feature extraction coupled with a Support Vector Machine
(SVM) for classification. In particular, features were extracted using various pre-trained models,
namely Xception, Inceptionv3, InceptionResNetV2, NASNetLarge, and DenseNet201, and were
subsequently applied to the SVM algorithm to evaluate the classification accuracy. The final strategy
employs a cutting-edge hybrid feature fusion technique, utilizing an art-of-CNN model to extract
the deep features of the aforementioned models. These deep features underwent dimensionality
reduction through principal component analysis (PCA). Subsequently, low-dimensionality features
are combined with shape, color, and texture features extracted using a gray-level co-occurrence matrix
(GLCM), Histogram of Oriented Gradient (HOG), and Local Binary Pattern (LBP) methods. Hybrid
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feature fusion was incorporated into the SVM to enhance the classification performance. The pro-
posed system achieved promising results for rapid diagnosis of OSCC using histological images. The
accuracy, precision, sensitivity, specificity, F-1 score, and area under the curve (AUC) of the support
vector machine (SVM) algorithm based on the hybrid feature fusion of DenseNet201 with GLCM,
HOG, and LBP features were 97.00%, 96.77%, 90.90%, 98.92%, 93.74%, and 96.80%, respectively.

Keywords: oral squamous cell carcinoma (OSCC); HOG; GLCM; LBP; hybrid model; PCA; SVM

1. Introduction

Oral cancer is characterized by the development of abnormal cells in the oral cavity
and is incurable once it has advanced to a later stage. OSCC is the most common type
of oral cancer that begins in the oral cavity [1,2]. A type of cancer called oral cancer
can develop in the head and neck. The term oral cancer encompasses a wide range of
cancers that can occur in various parts of the mouth, including the tongue, floor of the
mouth, lips, gums, hard palate, cheek lining, and jawbones. Oral cancer is a global health
concern and is considered a deadly disease that ranks as the seventh most common cancer
throughout the whole globe the fifth most common cancer in men and the eighth most
prevalent cancer in women worldwide [3]. GLOBOCAN reported 377,713 new cases of
oral cancer identified in 2020, with 264,212 of those cases were male and the remaining
cases were female. In these cases, 177,758 patients died, 125,023 of whom were men, and
52,736 were women [4]. The incidence of cancer is increasing in Pakistan, and according
to GLOBOCAN, oral cancer is the second most common type of cancer in Pakistan [5].
According to data from the Global Cancer Research Fund International, each year, there
are approximately 24597 new cases of oral cancer recorded in Pakistan, 17,473 of which are
males and the remaining 7124 are women. There are also about 15,127 deaths due to this
fatal disease, with 10,620 of them being men and 4507 being women [3]. The majority of
oral cancer cases occur in countries with low to moderate incomes; in particular, Southeast
and South Asia account for approximately two-thirds of the cases [6]. Tobacco, betel quid,
alcohol, poor oral hygiene, Human Papillomavirus (HPV) infection, ethnicity, geographic
location, and family history are factors associated with the development of OSCC. Most
OSCCs develop from oral potentially malignant diseases (OPMDs), such as oral lichen
planus, Erythroplakia, Erythroleukoplakia, and Leukoplakia, with a 1% chance of becoming
cancerous [7]. Oral cancer has a high death rate as it is usually diagnosed in later stages;
hence, recovery or treatment is almost impossible. The early stages of OPMDs and OSCC
are frequently symptomless and may appear as innocuous lesions, making them easily
misdiagnosed by general practitioners (GPs) [8], resulting in delayed diagnosis. The main
cause of untimely detection of OSCC is that there are no vital clinical indications that
can aid specialists in accurate diagnosis. Various signs may indicate the presence of oral
cancer, such as the location, size, color, and appearance of the lesion in the mouth, and a
patient’s history of smoking and drinking can provide insight into a potential oral cancer
diagnosis. Biopsy is the most commonly used pathological examination method for the
detection and diagnosis of oral cancer. Pathologists can diagnose OSCC by observing strips
of cells/tissues extracted from the tumor area. Currently, the most accurate diagnosis of
cancer is based on the microscopic inspection of biopsy slides. In this diagnostic technique,
a specialist removes a tiny piece of the tumor and prepares slides stained with hematoxylin
and eosin (H&E) for microscopic examination. However, such a diagnosis is a difficult
process that requires specialized knowledge and a large amount of time and can be easily
misleading. Therefore, early diagnosis of OSCC is essential for effective treatment, which
can increase patients’ chances of survival while also reducing their risk of morbidity and
mortality. The earlier stage of oral cancer has a 5 to 6-year survival rate of approximately
69.5%; however, in the later stage, this rate decreases to 31.6% [9,10]. The cost of oral cancer
treatment is roughly 7.36 times more than that of OPMDs in the last stage and 2.64 times



Cancers 2023, 15, 5247 3 of 31

higher in the early stage [11]. Therefore, early prediction could minimize the financial
impact on patients with oral cancer. Currently, doctors utilize both traditional and advanced
methods for the detection of cancer using microscopic images. Due to the high incidence
and massive density of laboratories, there is a need for an early system for the diagnosis of
oral cancer. Furthermore, employing artificial intelligence techniques, particularly machine
learning (ML) and deep learning (DL), to improve diagnosis provides promising outcomes.
CNN-based models are among the finest DL methods for generalizing learning processes
on diverse datasets. To train the DL algorithms, the dataset was divided into training,
testing, and validation datasets. The optimization process of the CNN model involves
learning the robust features of each disease and evaluating the test image to generate results
based on the learned features. The models were then capable of recognizing new cases after
training. The accuracy of these models may be affected by several factors, including the
presence of noisy data in the dataset, scarce and imbalanced datasets, architecture, and the
hyperparameters of the models. This study aimed to address the challenges faced by CNN
models while identifying histological images to achieve better results, which are essential
for the early prediction of OSCC. To achieve the goal of this study, the images in the dataset
were improved to eliminate noise and deal with problems that take a long time and require
expensive computers. This was performed using a combination of deep and machine
learning methods. In this study, various techniques were utilized to diagnose OSCC using
histopathological images. In addition, the diagnosis of OSCC was accomplished by fusing
features from deep learning models with features of color, texture, and shape derived from
the conventional GLCM, HOG, and LBP algorithms.

The main contributions of our work are as follows:

• Enhance histological images of oral cancer using two distinct filters for improved
image quality and feature extraction.

• Fine-tune hyperparameters of convolutional neural network (CNN) models to opti-
mize classification performance and enhance model accuracy.

• Oral cancer cell histology images can be effectively diagnosed with a hybrid technique
utilizing CNN models and the SVM algorithm.

• The PCA algorithm was utilized to reduce the number of features in the high-dimensional
OSCC dataset.

• The diagnosis of the histological images of OSCC cells using the SVM algorithm,
which is based on the hybrid features extracted by the CNN model; it combines these
characteristics with the color, texture, and shape data extracted using the GLCM, HOG,
and LBP algorithms.

The rest of this article is structured as follows: In Section 2, we present a detailed
review of relevant recent studies conducted. Section 3 discusses the material and techniques
utilized for analyzing and interpreting histopathological images in the context of OSCC
diagnostics. The evaluation results of the proposed methods are outlined in Section 5.
Section 6 offers a comprehensive discussion and comparison of the proposed techniques
with the other existing models. Finally, the conclusion is drawn in Section 7.

2. Related Work

This section aims to shed light on the trends and problems associated with OSCC
diagnosis. This study demonstrates how several researchers have used various approaches
to attain promising diagnostic accuracy. In particular, we offer a rigorous investigation
to detect, evaluate, and summarize the facts regarding oral cancer diagnosis, prevention,
prognosis, and treatment. Many studies have been carried out in recent years that combine
histopathological images and white light images that is, images captured with smartphones,
speech, and genomic data, using machine learning for various applications fields [12,13].
In 1996, researchers initially applied the findings of a machine-generated neural network
toy to healthy, precancerous, and cancerous oral smears [14]. The SVM is a commonly
used algorithm in the pathology of oral cancer, accounting for 42.10% of all applications;
artificial neural networks (ANNs) have a proportion of 24.47; logistic regression (LR) has a
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proportion of 21.16; and CNN-based applications have a proportion of 12.37 [15]. The field
of ANNs has expanded significantly, which is an important development. This expansion
has been driven by the rise in data accessibility, dedicated advanced computing architecture
for the execution of machine learning algorithms, and the use of Graphics Processing Units
(GPUs) that help in quick data processing [16]. The author [17] presents a transfer learning
strategy where they used AlexNet to extract deep features from OSCC biopsy images with
a classification accuracy of 90.06%. The authors in [18] used a deep learning model to
diagnose OSCC from histopathology images. They used three different CNN models, that
is, VGG16, Resnet50, and InceptionV3, and then concatenated them to extract and classify
deep features. Their algorithm attained accuracies of 89.16%, 90.83%, 94.16%, and 96.6%,
respectively. Authors in [19] discussed how to diagnose oral cancer from the microscopic
images of biopsy specimens. The area containing the lesion was segmented by hand, and
then, the morphological and structural features were extracted for further examination.
These features were then assigned to five different machine-learning classification algo-
rithms. This study [20] also described a technique for diagnoses based on various features
such as texture, shape, and color by analyzing the images. Furthermore, these features
were then input to the SVM, LR, and decision tree (DT) classifiers. SVMs outperformed the
other techniques for categorizing color and texture features with better accuracy.

The Mobile-Net model [21] was used for identifying OSCC histopathological exam-
inations performed on tissue samples of 20 patients, which were first scanned using an
ex vivo confocal microscope immediately after surgical resection. The sensitivity and
specificity of these models were 47% and 96%, respectively. The study conducted by [22]
offered four deep-learning-based approaches for classifying and separating oral cancer
lesions. Their techniques produced adequate pixel segmentation outcomes for the lesions.
A spectroscopic technique based on replications and auto-imaging was described in [23] for
the detection of OSCC at the boundaries of malignancy in 104 patients. The area under the
curve (AUC) showed that the system had a success rate of 82% with a 3 mm safety margin.
For the histopathological imaging of oral cancer, [24] proposed a two-step technique for
the early detection and segmentation of epithelial tissues and stroma. In this study, they
tested four different models: Xception, ResNet50, ResNet101, and MobileNetv2, and the
best accuracy was achieved by the combined use of Xception and SWT. The segmentation
of OSCC in the pharynx and cavity was demonstrated by [25] using CNNs for the segmen-
tation of OSCC in the pharynx and cavity. For the diagnosis, 34 and 45 oral and pharyngeal
lesion video clips, respectively, were analyzed. The oropharyngeal lesions had 111 and
117 frames taken from the video, respectively. Tumor segmentation was performed using
three FCNN models. ResNet outperformed the other models, with a dice coefficient of
65.48% and 76.02%. Authors in [26] proposed a technique using a CNN, which identified
673 images of oral dysplasia in the epithelial layer from 53 patients. Data augmentation
was performed on the images to address overfitting. A novel CNN method along with
texture features was proposed by [27] for the detection of oral cancer. Their methodology is
composed of two interrelated components: oral cancer detection, marking of the region of
interest (ROI), and semantic segmentation. A wavelet-transform-based method yielded
detection results with a sensitivity and specificity of up to 96.76% and 71.18%, respectively.
For the identical problem of oral cancer detection, [28] proposed a deep neural-based
adaptive fuzzy system that exploited machine learning for classification and achieved an
accuracy of 93%. This study [29] used ResNet to perform binary classification on images of
oral pathology; they were able to reach an accuracy of 91.13%. The author [30] presented
an early technique for the segmentation and classification of histological images that has
recently been performed using CNN-based image processing algorithms with sensitivity
and specificity of 86% and 89%, respectively. Authors in [31] classified images of dysplastic
tissue into four categories using transfer learning, attaining accuracies of 94% and 90%
during training and testing, respectively. The authors [32] identified 73 potential patients, of
which 22 were found to have benign conditions and 51 had malignancy. There was an early
equal distribution of male and female patients (37 female and 36 male patients). According
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to the findings of a 10-fold cross-validation analysis, the average specificity and sensitivity
of ANNs for predicting oral cancer were 85.71% and 60.00%, respectively. The overall
accuracy of ANNs was 78.95%. In the study presented in [33], 34 prognostic factors were
taken from a database to create four machine learning models: LR, DT, SVM, and K-Nearest
Neighbor (KNN). Their aim was to use these models to predict disease progression. The
decision tree model showed the highest success in identifying disease progression with an
accuracy of 70.59%. This study [34] performed, two computer vision techniques based on
deep learning were tested for early and timely detection and categorization of oral lesions
for oral cancer. One approach was image classification using ResNet-101, and the other was
object detection using a Faster R-CNN. The prior method showed an F1 score of 87.07% for
identifying images with lesions and 78.30% for identifying images that required a referral.
In contrast, the object detection approach had an F1 score of 41.18% for detecting lesions
requiring referral.

3. Materials and Methods

The methodologies and materials used in the histological images for the early detection
of OSCC are summarized in this section and are shown in Figure 1. The initial step in this
study was to improve the quality of all histological images in the OSCC dataset because
they contained artifacts. Three strategies were implemented using five distinct models to
achieve the objectives of this study. First, we used deep learning models to classify the
dataset using Xception, InceptionV3, InceptionResnetV2, NASNetLarge, and DenseNet201
models. The second method involved using a hybrid approach that blends deep learning
algorithms and an SVM to classify images. The third strategy in this study is to classify the
dataset using SVM, which employs hybrid features extracted from the combination of DL
with the HOG, GLCM, and LBP algorithms.

Data 
Augmentat
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Filter

Gaussian 
Filter
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InceptionV3
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Figure 1. Proposed Methodology of OSCC.
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3.1. Dataset Description

A publicly accessible collection of OSCC histopathological image data was used to
evaluate the systems presented in this study [35]. Biopsy slides were collected from two
reputed healthcare service institutions: Ayursundra Healthcare Pvt. Ltd. and Dr. B. Borooah
Cancer Institute. This oral cancer dataset consists of two binary classes: normal and OSCC.
Images were captured using a Leica DM 750 microscope with camera model ICC50 HD, at
100× (10× objective lens 10× eyepiece) magnifications (size 2048 × 1536 pixels). The dataset
contained 5192 images captured from biopsy slides at a magnification of 100×. The images
in this data collection were obtained by biopsy under local anesthesia. A pathologist made
the diagnosis based on these biopsies. Out of 5192 histopathological images, 2494 (48%) were
classified as normal and 2698 (52%) as malignant cases of OSCC. This study focused on these
images for analysis. A sample of the normal and OSCC images included in the dataset is
shown in Figure 2.

(a) (b)

Figure 2. Samples of histopathological images (a) Normal and (b) OSCC samples.

3.2. Pre-Processing of Histological Images

A vital step in biomedical image processing is preprocessing, which ensures the images
are correctly set up for analysis to achieve high accuracy. The use of CNN models for image
analysis requires substantial computing power, and the input images must be correctly
formatted for the model to function effectively. Biopsy slides may vary in color because
of dark areas, bloodstains, or other medicinal solutions. To standardize the color of the
images, the average RGB color was calculated for every image to adjust their scale and
ensure color consistency throughout the dataset. In the last step of preprocessing, the
images were cleaned of artifacts, the contrast was increased, and the edges of the region
of interest (ROI) were revealed using Gaussian and Laplacian filters [36]. These filters
are commonly used in image processing to sharpen or enhance the edges in an image,
which can be useful for highlighting the ROI in the images. The edges of the image were
highlighted using Gaussian and Laplacian filters. Following preprocessing, a Gaussian
noise filter was applied to the input images, which suppressed high-frequency information
while preserving low-frequency details. This aids noise reduction and image averaging.
The Gaussian noise filter is a low-frequency linear filter that is particularly effective in
removing blur and noise from the images. The smoothing parameter of the Gaussian filter
can be adjusted to manage the degree of smoothing applied to an image. Equation (1)
illustrates the operation of a Gaussian noise filter.

h(x) =
1

σ
√

2π
e
−(x− µ)2

2σ2 (1)
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The standard deviation of a random variable is denoted by σ, whereas µ indicates the
mean of x. The images were then processed using a Laplacian filter to highlight the edges
of the lesions in the pathological tissue images, as expressed in Equation (2).

∇2 f =
d f
d2x

+
d2 f
d2y

(2)

x and y denote the pixel’s location in the images.

3.3. Deep Learning Model

DL is considered an essential technology in the field of artificial intelligence, and
its techniques have been widely adopted across various industries. DL requires large
amounts of data to effectively train the models. The more data there are, the better the
model performs on the unobserved data. However, collecting and labeling large amounts
of data can be time consuming and expensive. Furthermore, the quality of data is essential
because inaccurate or skewed data can affect the results. The performance of the system
depends on the size, complexity, and amount of available data, and training a DL model
can take a few hours, several days, or even weeks. Despite the data and computational
requirements, deep learning can achieve advanced performance on a wide range of tasks.
For example, DL models have been able to achieve near-human performance in tasks such
as image classification, object detection, and natural language understanding. However, it
is important to note that the performance of deep learning models can vary depending on
the specific task and quality of the data. Additionally, DL can be vulnerable to overfitting,
where the model becomes too specialized for the training data and performs poorly on
unseen data; therefore, it is essential to validate the model with such data and fine-tune
the model to avoid overfitting. In general, DL is a powerful and effective method that may
yield outstanding outcomes for a wide range of tasks, but it requires large amounts of data
and computing ability.

Among AI systems, CNN models are exceptional in their ability to extract deep feature
maps. To ensure that CNN models can make accurate classifications when tested, data
collection is required as part of their training. Various types of features are extracted at
different levels and layers of a deep neural network during the feature extraction process.
For example, the first layer is responsible for extracting color characteristics, the second
layer is accountable for obtaining feature engineering, the third layer is liable for extracting
texture characteristics, etc. [37]. Additionally, convolutional neural network models have a
number of layers, each of which is optimized for different purposes. A CNN comprises
several layers, starting with a convolutional layer and moving on to the pooling layers,
auxiliary layers, and a fully connected layer. These three layers are briefly described in the
following paragraphs.

3.3.1. Convolution Layer

The convolution layer is a fundamental component of CNN. It is responsible for
extracting features from the input data, such as images or audio. Three key parameters
control the functionality of a convolutional layer: p-step, zero padding, and filter size [38].
The filter size defines the pixels f (t) in the filter that extract information from the input
image x(t) through a sliding window. Zero padding was applied to maintain the original
image size. The p-step controls the movement of the filter over the input image; where a
p-step of 1 indicates that the filter moves by 1 pixel at all, a p-step of 2 indicates that the
filter moves by 2 pixels at a time. Equation (3) shows the filtering procedure.

z(t) = (x ∗ f )(t) =
∫

x(a) f (t− a)da (3)

where f (t) shows the filter, x(t), and z(t) represent the input and output image, respectively.
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3.3.2. Pooling Layer

The large number of parameters generated by the convolutional layers may lead to
a significant computational burden for CNNs. To address this issue, pooling layers were
introduced into the CNN [39,40]. These layers decreased the spatial size of the output
feature maps from the convolutional layers. The two methods used to reduce image
dimensions are average pooling and max pooling. Max pooling involves using the filter
size to choose a cluster of image pixels, identifying the one with the highest value, and
replacing all the selected pixels with that one value by using Equation (4). The second
method for reducing image dimensions is average pooling. This process chooses a group
of pixels in the image using a filter size, calculates the average value of these pixels, and
replaces them with a single value that signifies the average. This can be seen in Equation (5)

z(m; n) = max
i,j

= 1 . . . kS[(m− 1)p + i; (n− 1)p + i] (4)

z(m; n) =
1
k2 ∑

i,j=1...k
S[(m− 1)p + i; (n− 1)p + j] (5)

where S represents the number of filter pixels; i and j are the dimensions of the input image;
k represents the image size, and p denotes the step size.

3.3.3. Fully Connected Layer

A dense layer, often known as a fully connected layer (FCL), is a fundamental building
block in neural network architectures. Its main function is to convert the bidirectional
representation of the input data into a unidirectional representation. In a fully connected
layer, each neuron receives input from all the neurons in the preceding layer and applies a
set of learned weights to the inputs before passing them through an activation function
to produce an output. Finally, the sigmoid activation layer assigns a label to an image
by evaluating its similarity to available classes. It uses a probability value between 0
and 1 to sort the image into the appropriate class. There are several alternative classes of
activation functions available, such as (ReLU), which allows positive values to pass through
unchanged, but converts negative values to zero, as described in Equation (6).

ReLU(i) = max(0, i) =
{

i, i ≥ 0
0, i < 0

}
(6)

The dropout layer addresses the overfitting caused by many network parameters by
randomly excluding a portion of them during each training iteration. The dropout rate was
set to 0.5, meaning that only half of the neuron information was passed during each iteration,
which resulted in an increase in the training time for the model. This segment assesses the
histopathological images of OSCC with five distinct pre-trained models, namely Xception,
InceptionV3, InceptionResNetV2, NASNetLarge, and DenseNet201 models, along with
their fundamental architectures, as shown in Figure 3.

3.4. Hybridization of CNN with SVM

In this section, we present a new technique that combines a CNN with an SVM. The
motivation behind this approach is to use a hybrid solution to tackle the challenges of ex-
cessive processing resource usage and slow performance of CNN models. This hybridized
approach is intended to overcome these challenges by being computationally efficient,
requiring low-cost resources, and providing fast training for the dataset, which results in
highly efficient diagnostic outcomes. The hybrid approach comprises two components.
The initial step of this hybrid approach is the enhancement of histological images of OSCC,
followed by deep feature maps extracted using a variety of CNN models, such as Xception,
InceptionV3, InceptionResNetV2, NASNetLarge, and DenseNet201. The extracted deep
features are then stored in the feature vector and transferred to the SVM. In CNN models,
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deep feature maps are used as inputs, and an SVM is used to replace the final layers. SVM
provides the final diagnostic results by accurately classifying each vector feature.

G
lo

b
a
l 

A
v
e
ra

g
e
 P

o
o

li
n

g

C
o

n
v
 3

2
, 

3
 ×

3

C
o

n
v
 6

4
, 

3
 ×

3

M
a
x

P
o

o
li

n
g

 3
 ×

3

M
a
x

P
o

o
li

n
g

 3
 ×

3

M
a
x

P
o

o
li

n
g

 3
 ×

3

C
o

n
v
 7

2
8

, 
3

 ×
3

C
o

n
v
 7

2
8

, 
3

 ×
3

C
o

n
v
 7

2
8

, 
3

 ×
3

M
a
x

P
o

o
li

n
g

 3
 ×

3

D
ro

p
 O

u
t 

(0
.5

)

C
o

n
v

C
o

n
v

C
o

n
v

C
o

n
v

C
o

n
v
 1

2
8

, 
3

 ×
3

 | 
C

o
n
v
 1

2
8

, 
3

 ×
3

C
o

n
v
 2

5
6

, 
3

 ×
3

 | 
C

o
n
v
 2

5
6

, 
3

 ×
3

 

C
o

n
v
 7

2
8

, 
3

 ×
3

 | 
C

o
n
v
 7

2
8

, 
3

 ×
3

 

C
o

n
v
 7

2
8

, 
3

 ×
3

 | 
C

o
n
v
 1

0
2

4
, 
3

 ×
3

C
o

n
v
 1

5
3

6
, 
3

 ×
3

C
o

n
v
 2

0
4

8
, 
3

 ×
3

Entry Level Middle Level Exit Level

Repeated

8 Times

F
u

ll
y
 C

o
n

n
e
c
te

d
 S

ig
m

o
id

Normal

OSCC

Xception

299×299×3

(a)

C
o

n
v

 (
2
9

9
×

2
9

9
×

3
)

C
o

n
v

 (
1
4

9
×

1
4

9
×

3
2

)

C
o

n
v

 P
a
d

d
e
d

  
(1

4
7
×

1
4

7
×

3
2

)

P
o

o
l 

(1
4

7
×

1
4

7
×

6
4

)

C
o

n
v

 (
7
3
×

7
3
×

6
4

)

C
o

n
v

 (
7
1
×

7
1
×

8
0

)

C
o

n
v

 (
3
5
×

3
5
×

1
9

2
)

3
 ×

In
c
e
p

ti
o

n
 (

3
5
×

3
5
×

2
8

8
)

5
 ×

In
c
e
p

ti
o

n
 (

1
7
×

1
7
×

7
6

8
)

3
 ×

In
c
e
p

ti
o

n
 (

8
×

8
×

1
2

8
0

)

P
o

o
li

n
g

 (
8
×

8
×

2
0

4
8

)

D
ro

p
o

u
t 

(0
.5

)

F
u

ll
y
 C

o
n

n
e
c
te

d
 

S
ig

m
o

id
 Normal

OSCC

299×299×3

InceptionV3

(b)

S
te

m
 (

3
5
×

3
5
×

2
5

6
)

5
×

In
c
e
p

ti
o

n
-R

e
sN

e
t-

A
 

(3
5
×

3
5
×

2
5

6
)

R
e
d

u
c
ti

o
n

-A

(1
7
×

1
7
×

1
0

2
4

)

1
0
×

In
c
e
p

ti
o

n
-R

e
sN

e
t-

B
 

(1
7
×

1
7
×

1
0

2
4

)

R
e
d

u
c
ti

o
n
-B

(8
×

8
×

1
5

3
6

)

5
×

In
c
e
p

ti
o

n
-R

e
sN

e
t-

C
 

(8
×

8
×

1
5

3
6

)

D
ro

p
o

u
t 

(0
.5

)

F
u

ll
y
 C

o
n

n
e
c
te

d
 S

ig
m

o
id

 

299×299×3

Normal

OSCC

(c)

3
×

3
 C

o
n

c
, 
S

tr
id

e
 2

N
o

rm
a
l 

C
e
ll

R
e
d

u
c
ti

o
n
 C

e
ll

R
e
d

u
c
ti

o
n
 C

e
ll

N
o

rm
a
l 

C
e
ll

N
o

rm
a
l 

C
e
ll

R
e
d

u
c
ti

o
n
 C

e
ll

S
ig

m
o

id

Normal

OSCC

331×331×3

(d)
Figure 3. Cont.



Cancers 2023, 15, 5247 10 of 31

 

F
u

ll
y

 C
o

n
n

e
c
te

d
 L

a
y

e
r
 S

ig
m

o
id

 

Normal 

OSCC 

Dropout 0.5 

224×224×3 

(e)

Figure 3. Deep learning architectures (a) Xception model (b) InceptionV3 model (c) InceptionRes-
NetV2 model (d) NASNetLarge model, and (e) DenseNet201 model.

3.4.1. Extracting Deep Features

CNN models have a unique feature extraction capability. During the training phase,
the CNN extracts deep features that are used to categorize the images during the testing
phase. Feature extraction is performed through multiple layers and levels, each extracting
unique features [37]. Deep features were extracted from histological images of OSCC using
Xception, InceptionV3, InceptionResNetV2, NASNetLarge, and DenseNet201 models; then,
they are stored in feature vectors, which are subsequently fed to the machine learning (ML)
model to perform the classification. CNNs are known for extracting high-dimensional
features, and to address this issue and reduce the complexity of the dataset, Principal
Component Analysis (PCA) was applied to extract essential feature maps, thus reducing
the dimensionality of the data.

3.4.2. Support Vector Machine (SVM)

The SVM model was utilized to replace the final layers of the CNN model. The
SVM utilizes the features extracted from the Xception, InceptionV3, InceptionResNetV2,
NASNetLarge, and DenseNet201 models and predicts with high accuracy and a faster
training speed. The SVM represents all values of the dataset in n-dimensional space, where
n denotes the number of features present in the dataset [41]. The algorithm represents
each feature value in a dataset with absolute coordinates. Subsequently, it aims to create
multiple lines of separation among the values of different classes known as hyperplanes.
The model then selects the optimal hyperplane that amplifies the gap between classes.
The margin is the region between the hyperplane and the closest samples from each class,
called the support vectors. There are two types of SVM algorithms: linear and nonlinear.
One may choose between a linear SVM algorithm and a nonlinear algorithm. Linear SVM
is implemented when the dataset may be divided along linear dimensions. However, a
nonlinear SVM is utilized if the dataset cannot be linearly separated. The most commonly
used kernels are linear, sigmoid, polynomial (poly), and radial basis functions (RBFs). The
selection of the kernel is contingent on the data and problem at hand. The data were
segregated in this study using the RBF and poly kernels.

Figure 4 shows the hybrid method employed for the diagnosis of OSCC histological
images. In this section, a method for diagnosing histological images of oral cancer using an
SVM is described. This method is based on deep feature extraction utilizing the Xception,
InceptionV3, InceptionResNetV2, NASNetLarge, and DenseNet201 models. The method-
ology outlined in this section consists of the following phases: The first phase involved
preprocessing the histopathological images by removing noise and increasing the contrast
of the region of interest. The optimized images were fed to the Xception, InceptionV3,
InceptionResNetV2, NASNetLarge, and DenseNet201 models. In the second step, features
were extracted through different models and stored as vector features with a size of (n×m),
where n is the number of samples and m represents the number of feature vectors. The
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number of samples n in the proposed dataset is 5192, where the number of feature vectors
m for Xception, InceptionV3, and NASNetLarge is 5192 × 8192. For InceptionResNetV2,
the number of feature vectors was 5192 × 6144, and for DenseNet201, it was 5192 × 7680.

It should be noted that the dataset was massive and contained high-dimensional
features for each histopathological image. To address this issue, we employed PCA, which
assists in compressing the data while preserving the essential properties of the feature
vectors. By utilizing PCA, the number of feature vectors was decreased by 20%, which
equates to 5192 × 1624 for Xception, InceptionV2, and NASNetLarge, 5192 × 1230 for
InceptionResNetV2, and 5192 × 1536 for DenseNet201. Finally, these low-dimensional
features were used for classification by the SVM algorithm to determine whether the image
was normal or OSCC, as shown in Figure 4.

3.5. SVM-Based Hybrid CNN Deep Features with GLCM, HOG, and LBP

The proposed approach involves the extraction of hybrid features using multiple
CNN models, specifically Xception, InceptionV3, InceptionResNetV2, NASNetLarge, and
DenseNet201. These features were fused with those obtained from traditional algorithms,
specifically HOG, GLCM, and LBP. The resulting hybrid features are fed to an SVM for
classification to attain a high level of accuracy in the diagnostic process. In this section, we
describe our proposed work, which includes the following steps. The first step involves
preprocessing the histopathological images by removing noise and increasing the contrast
of the region of interest. The optimized images were fed to the Xception, InceptionV3,
InceptionResNetV2, NASNetLarge, and DenseNet201 models. In the second step, features
were extracted through different models and stored as vector features, as anticipated in the
preceding section. By utilizing PCA, the number of feature vectors was decreased by 20%,
which equates to 5192 × 1624 for Xception, InceptionV2, and NASNetLarge, 5192 × 1230
for InceptionResNetV2, and 5192 × 1536 for DenseNet201.
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Figure 4. CNN and SVM hybrid models (a) Hybrid model between Xception and SVM (b) Hybrid
model between InceptionV3 and SVM (c) Hybrid model between InceptionResNetV3 and SVM
(d) Hybrid model between NASNetLarge and SVM, and (e) Hybrid model between DensNet201
and SVM.

In the third step, three hybrid algorithms GLCM, HOG, and LBP were used after
the enhancement of the histopathological images to extract the most important features,
including shape, color, and texture, to achieve high classification accuracy. LBP is a texture
descriptor that is used in computer vision and image processing. This method is based on
comparing the intensity of each pixel to that of its neighboring pixels. The LBP descriptor
captures the spatial relationship between pixels and provides details regarding the texture
of an image. The LBP descriptor was calculated by comparing the intensity of the central
pixel to that of its neighboring pixels. If the intensity of the central pixel is greater than
the intensity of its neighboring pixel, the corresponding bit in the LBP code is set to 1;
otherwise, it is set to 0. This process is repeated for all the surrounding pixels, resulting
in a binary code that represents the texture of the image. The target pixel is replaced by
48 neighboring pixels using Equation (7) for a 7× 7 patch. The LBP algorithm compares the
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gray-level intensity of the target pixel (gc) with the gray-level intensity of its neighboring
pixels (gp).

LBPR,P =
p−1

∑
p=0

s
(

gp − gc
)
2p (7)

where R represents the distance from the central pixel to its neighboring pixels, (gp) is the
gray-level intensity of the neighboring pixels, (gc) is the gray-level intensity of the central
pixel, and P denotes the number of neighboring pixels considered in the calculation.

The LBP algorithm can differentiate pixels by evaluating the density of the image and
comparing the intensity of each pixel with that of its neighboring pixels, thereby producing
203 texture features. GLCM is a technique used to extract textural features from an image.
The image was initially converted to grayscale to build the GLCM. The GLCM is calculated
by counting the instances of each pair of gray levels co-occurring in the image for a specific
offset or distance between the two pixels. The offset is defined by the user in any direction.
The GLCM method utilizes spatial information to compute statistical texture characteristics
by assessing the connection between pairs of pixels according to their direction θ and
distance d, which together characterize the position of each pixel relative to the others. The
GLCM algorithm evaluates the relationship between each pixel and its neighboring pixels
by considering four different directions θ:0◦, 45◦, 90◦, and 135◦. θ determines the distance
between pixels d, and is controlled by the direction θ between the pixels. The d is equal to 1,
when θ is either 0◦ or 90◦ , and d =

√
2 , when θ is either 45◦ or 135◦. The GLCM technique

generated 13 statistical texture features as a result of this process.
The HOG is a widely used feature representation in computer vision and image

processing. Generating a histogram of gradient orientations in specific localized areas
of an image makes it possible to obtain the shape and texture of the objects within an
image. The image was divided into small regions, and within each region, a histogram of
gradient orientations was computed. This feature descriptor is robust to changes in lighting
and viewpoint and is widely used for object detection and recognition. The descriptor
is generated by computing the gradient orientations for each pixel in the image, and
then quantizing them into a fixed number of bins to form an HOG for each region. These
histograms are then concatenated to form the final feature descriptor. The proposed method
employs a larger number of histogram bins in different image regions. The input images
were converted to grayscale after resizing to 64 × 128 pixels. Equation (8) was applied to
obtain the gradient for each pixel, and 231 features were extracted using the HOG.{

dx = P(x + 1, y)− p(x, y)
dy = p(x, y + 1)− p(x, y)

(8)

The fourth step of the process involves the concatenation of all features extracted from the
CNN, such as Xception, InceptionV3, InceptionResNetV2, NASNetLarge, and DenseNet201,
with the features obtained through the GLCM, HOG, and LBP. After this merging operation,
the size of the dataset increased to 5192 × 2284 from 5192 × 1624 for Xception, InceptionV3,
and NASNetLarge; 5192 × 1890 from 5192 × 1230 for InceptionResNetV2; and 5192 × 2196
from 5192× 1536 for DenseNet201. In addition, these features were fed into the SVM for the
classification of the image as normal or OSCC, as shown in Figure 5.
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Figure 5. Hybrid features between CNN model, with HOG, GLCM, and LBP (a) Hybrid Features
between Xception with HOG, GLCM, and LBP (b) Hybrid features between InceptionV3 with HOG,
GLCM, and LBP (c) Hybrid features between InceptionResNetV2 with HOG, GLCM, and LBP (d)
Hybrid features between NASNetLarge with HOG, GLCM, and LBP, and (e) Hybrid features between
NASNetLarge with HOG, GLCM, and LBP.

4. Evaluation Tools
4.1. Confusion Matrics

To evaluate the proposed models, the confusion matrices from each system were used
to compute the accuracy, precision, sensitivity, specificity, and AUC using Equations (9)–(13),
respectively: True Positive (TP) and True Negative (TN) are metrics in the confusion matrix
that represent the number of correctly identified histological images. False negatives (FN)
and false positives (FP) represent the number of misclassified images.

Accuracy =
TN + TP

TN + TP + FN + FP
× 100% (9)

Precision =
TP

TP + FP
× 100% (10)

Sensitivity =
TP

TP + FN
× 100% (11)

Specificity =
TN

TN + FP
× 100% (12)

AUC =
Sensitivity
Specificity

(13)
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TP represents the number of images that have been truly classified as malignant and
TN represents the number of images that have been truly classified as normal. FP represents
the number of normal images that have been incorrectly classified as malignant and FN
represents the number of malignant images that have been incorrectly classified as normal.

The performance of the hybrid systems was evaluated using a confusion matrix, which
consolidated all the samples in the dataset and distinguished between the correctly and
incorrectly classified samples, resulting in the calculation of the accuracy and diagnostic
accuracy for each class. This table is used to define the performance of a classification
algorithm, where the true values are defined along the main diagonal, and the false values
are found elsewhere. It typically has two rows and two columns: one for true positives,
one for false positives, one for true negatives, and one for false negatives. The entries in
the confusion matrix represent the number of times each case was predicted by the model.
This is used to evaluate how well the model can predict the true class of an instance.

4.2. Receiver Operating Characteristic (ROC)

The ROC is a graphical method for evaluating the performance of binary class classifi-
cation systems. As the threshold is adjusted for the classification, the ROC curve plots the
relationship between the True Positive Rate (TPR) and False Positive Rate (FPR). This tool is
widely used for machine learning and data analysis. The TPR is calculated by dividing the
number of correctly predicted positive cases by the total number of actual positive cases,
whereas the FPR is the number of false positive predictions divided by the total number of
actual negative cases. The ROC curve is a useful tool for evaluating the trade-off between
the specificity and sensitivity of a classifier and for comparing different classifiers.

4.3. Area Under the Curve (AUC)

The AUC is a graphical representation utilized to assess the performance of binary
classification systems. It displays the relationship between the true positive rate and
false positive rate by plotting the true positive rate, which represents the proportion
of actual positive observations that are correctly identified as positive, against the false
positive rate, which represents the proportion of actual negative observations that are
inaccurately classified as positive. The area under the ROC curve (AUC) assesses the
classifier’s capability to differentiate between negative and positive classes, with a higher
AUC indicating a better classifier performance. It ranges from 0 to 1, where a value of
1 represents a perfect classifier and a value of 0.5 represents a random classifier. An AUC
of 0.7 or higher is considered a good classifier in most cases.

4.4. Training and Validation Accuracy/Loss

We performed a comprehensive analysis of the model performance throughout the
training and validation phases. The graphs show the learning process of the model, with
the X-axis showing the number of iterations or epochs and the Y-axis showing metrics such
as loss and accuracy. The model gradually improves as it absorbs the data displayed by the
training curve, whereas its ability to generalize to new data is assessed by the validation
curve. By comparing the training and validation loss and accuracy, this study assessed
the potential issues of overfitting or underfitting. The goal was to achieve convergence
in the curves, indicating effective learning without overfitting. To prevent overfitting,
early stopping was considered if the validation loss started to increase, while the training
loss continued to decrease. To successfully diagnose OSCC earlyally, this study aimed to
make well-informed decisions about model tuning and enhancements through a thorough
analysis and interpretation of the training and validation graphs. This strategy aids in
the creation of a reliable and accurate model for histopathological image analysis, thereby
improving OSCC diagnosis and treatment.
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4.5. Data Augmentation

The proposed system was evaluated on the OSCC dataset, which comprised two
classes. The dataset was split into normal histopathology classes, which accounted for 48%
of the data, and malignant tumor histological images, which constituted the remaining 52%.
To obtain optimal results and avoid overfitting, the CNN required a large dataset during
the training phase. In the OSCC dataset, there were insufficient images for training the
proposed models. Data augmentation was used to expand the histological image dataset
for training to address overfitting issues. Data augmentation employs various techniques
such as rotation at different angles, shifting, and flipping. Datasets are shown as pre- and
post-training data. After the data were increased, it was found that each image in the
normal and OSCC classes was augmented by a factor of five. Table 1 displays the number
of images in each class after applying the data augmentation step.

Table 1. Data augmentation of histopathological Images.

Training Phase

Classes Before Augmentation After Augmentation

Normal 2436 12,180

OSCC 2511 12,555

5. Results
5.1. Analysis and Insights Results of Deep Learning Models

The results of the pre-trained models Xception, InceptionV3, InceptionResNetV2,
NASNetLarge, and DenseNet201 are presented in this section. These methods utilized
pre-trained models from the ImageNet dataset, which contains over a million images
spanning more than 1000 classes. However, as OSCC images were not included in the
ImageNet dataset, the transfer learning technique was applied to modify the pre-trained
models for this specific task. Transfer learning enables CNN models to utilize training data
from the OSCC dataset for the classification of new datasets. To achieve high performance,
CNN models require a substantial amount of data, which is not always readily accessible,
particularly for medical image datasets. Therefore, during the training phase, CNN models
may exhibit overfitting. Therefore, data augmentation can be used to mitigate this issue.

All models were trained using the Adam optimizer with a sigmoid activation function.
The batch size for training was set to 32, and a learning rate (α) of 0.0001 was used. The
models were trained in a Kaggle environment.

The Xception, InceptionV3, InceptionResNetV2, NASNetLarge, and DenseNet201
models yielded excellent outcomes when analyzing the histopathological images for the
diagnosis of OSCC. Table 2 provides a summary of the results obtained by the proposed
systems. It can be seen that all the models performed well in examining the histopatho-
logical images, which can assist physicians and specialists in the rapid diagnosis of OSCC
conditions. This is essential because this is a sensitive condition and needs to be detected
properly to be treated effectively and quickly. The results showed that the NASNetLarge
model demonstrated a high level of performance with an accuracy of 94.44%, specificity of
95.80%, precision of 90.32%, sensitivity of 87.52%, and F1 score of 88.88%. DenseNet201 has
a high precision of 96.77%, specificity of 98.87%, and AUC of 94.70%.
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Table 2. Evaluation of experimental results for OSCC histopathological images via deep learning models.

Measures Xception InceptionV3 InceptionResNetV2 NASNetLarge DenseNet201

Accuracy (%) 90.47 91.26 92.85 94.44 93.65

Precision (%) 90.32 87.09 87.09 90.32 96.77

Sensitivity (%) 75.67 79.41 84.37 87.52 81.01

Specificity (%) 96.62 95.65 95.74 95.80 98.87

F1 Score (%) 82.34 83.07 85.70 88.88 88.23

AUC (%) 89.4 89.90 90.90 93.10 94.70

In Figure 6, we can see that the Xception model performed well in assessing histopatho-
logical images for OSCC diagnosis, attaining an overall accuracy of 90.47% and 90.52%
for diagnosing cancer images. Furthermore, it correctly classified the normal images with
90.32% accuracy. Figure 6c shows that several histopathological images had incorrect labels
whereas, nine OSCC class images were incorrectly classified as normal, However, three
normal class images were incorrectly identified as OSCC images. Figure 7 illustrates the
performance of the InceptionV3 model in assessing histopathological images for the diag-
nosis of OSCC, achieving an overall accuracy of 91.26% and 92.63% for diagnosing cancer
images. In addition, 87.09% of the normal images were accurately detected by the system.

(a) (b)

(c)
Figure 6. Xception model. (a) Training and validation accuracy (b) Training and validation loss
(c) Confusion matrix.
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(a) (b)

(c)
Figure 7. InceptionV2. (a) Training and validation accuracy (b) Training and validation loss (c) Con-
fusion matrix.

As shown in Figure 7c, several histopathological images were incorrectly labeled.
Seven OSCC images were identified as normal; however, four normal images from the
dataset were classified as OSCC. Figure 8 depicts the performance of the InceptionRes-
NetV2 model, obtaining an overall accuracy of 92.85% and 94.73% for diagnosing cancer
images. Furthermore, this model classifies normal images with an accuracy of 87.09%. It
can be observed in the confusion matrix shown in Figure 8c that few histopathological
images were misclassified. Five OSCC images from the dataset were marked as normal;
however, four images from the normal class were identified as OSCC. This model has
fewer incorrect classifications than the Xception and InceptionResNetV2 models. The
visualized performance analysis of the NASNetLarge model can be seen in Figure 9.
Figure 9c presents the confusion matrix of this model, where very few images were
incorrectly classified. The overall accuracy of the NASNetLarge model was reported to
be 94.44% and 95.78% for diagnosing cancer images. The NASNetLarge model provided
an accuracy of 90.32% for the correct classification of normal images. From the confusion
matrix, we can see that numerous histopathological images were labeled incorrectly,
among which four images of the OSCC condition were labeled as normal and three
images from the normal class were identified as OSCC. The performance evaluation of
DenseNet201 is shown in Figure 10. This model achieved an overall accuracy of 93.65%
and 92.63% for diagnosing cancer images. In addition, it accurately detected normal
images with an accuracy rate of 96.77%.
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(a) (b)

(c)
Figure 8. InceptionResNetV2. (a) Training and validation accuracy (b) Training and validation loss
(c) Confusion matrix.

(a) (b)

(c)
Figure 9. NASNetLarge. (a) Training and validation accuracy (b) Training and validation loss (c) Confu-
sion matrix.

Figure 10c shows that several images were classified incorrectly when the DenseNet201
model was employed. We noted seven such images from the OSCC class that were labeled
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as normal, and one image from the normal class was labeled as OSCC. In terms of accu-
racy and generalization, NASNetLarge outperformed the other models, that is, Xception,
InceptionV3, InceptionResNetV2, and DenseNet201, as can be seen in the training and
validation graphs. NASNetLarge demonstrated higher accuracy for both the training and
validation datasets, depicting accurate learning and prediction of OSCC. Furthermore, as
shown in Figure 9a, the validation accuracy for NASNetLarge is closely aligned with the
training accuracy, indicating a minimum risk of overfitting. In terms of the loss function,
NASNetLarge demonstrated the lowest training and validation loss values with respect
to the other models, indicating higher convergence and learning power, as illustrated in
Figure 9b. Conversely, some of the other models exhibited larger gaps between training
and validation losses, resulting in potential overfitting. The convergence of the accuracy
and loss curves in NASNetLarge further underscores its effectiveness in learning from
the data. These findings support the conclusion that NASNetLarge yielded better results
than the other models, making it a promising approach for the diagnosis of OSCC using
deep learning.

(a) (b)

(c)
Figure 10. DenseNet201. (a) Training and validation accuracy (b) Training and validation loss
(c) Confusion matrix.

5.2. Performance Evaluation of the Combined CNN–SVM Method: Experimental Results

This section addresses the performance of the hybrid technique for histopathologi-
cal image diagnosis using CNN models and the SVM algorithm for rapid and efficient
prediction of OSCC conditions. In this hybrid approach, the CNN initially extracts deep
features using various models. These extracted deep features are then stored as vector
features and passed to the SVM algorithm for classification. In this study, we employed
five different CNN models with an SVM: Xception + SVM, InceptionV3 + SVM, Incep-
tionResNetV2 + SVM, NASNetLarge + SVM, and DenseNet201 + SVM. The results of the
hybrid technique performed on the OSCC dataset are listed in Table 3. Figure 11 shows
the overall performance of the hybrid system using the confusion matrix. Based on these
findings, DenseNet201 performed better than the other hybrid approaches in terms of
accuracy, sensitivity, F1 score, and AUC. Figure 11e shows that the DenseNet201 + SVM



Cancers 2023, 15, 5247 22 of 31

model performed well in assessing histopathological images for the quick diagnosis of
OSCC, achieving a total accuracy of 96.03% and an accuracy of 97.89% for OSCC Images. It
identifies normal images with 90.32% accuracy. Furthermore, two OSCC class images were
incorrectly classified as normal and three normal class images were incorrectly classified
as OSCC.

(a) (b)

(c) (d)

(e)
Figure 11. CNN and SVM hybrid models confusion matrices. (a) Xception + SVM (b) InceptionV3 + SVM
(c) InceptionResNetV2 + SVM (d) NASNetLarge + SVM and (e) DenseNet201 + SVM.
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Table 3. Evaluation of experimental results for OSCC histopathological images via hybrid CNN–
SVM Method.

Measures
Xception InceptionV3 InceptionResNetV2 NASNetLarge DenseNet201

+ SVM + SVM + SVM + SVM + SVM

Accuracy (%) 92.06 92.85 94.44 95.23 96.03

Precision (%) 87.09 90.32 93.54 90.32 90.32

Sensitivity (%) 81.81 82.35 85.29 90.32 93.33

Specificity (%) 95.69 96.73 97.82 96.84 96.87

F1 Score (%) 84.36 86.15 89.22 90.32 91.80

AUC (%) 90.40 92.00 94.10 92.50 94.10

5.3. Performance Evaluation of Hybrid Deep Feature Model with GLCM, HOG, and LBP

This section presents an overview of the performance of the SVM for diagnosing OSCC
using histopathological images, which is based on a combination of deep features extracted
from CNN and the traditional algorithms HOG, GLCM, and LBP. This method uses a hybrid
approach to extract features by combining deep learning and traditional algorithms from
histopathological images for the classification of OSCC. First, the deep learning models
Xception, InceptionV3, NASNetLarge, InceptionResNetV2, and DenseNet201 were used
to extract the deep features from the images, which were then reduced in dimensionality
using the PCA algorithm. Next, traditional algorithms such as GLCM, HOG, and LBP were
used to extract an additional 660 features per image. The resulting dataset has a feature
vector size of 5192 × 2284 for Xception, InceptionV3, and NASNetLarge; 5192 × 1890 for
InceptionResNetV2, and 5192 × 2196 for DenseNet201. Finally, an SVM was used to classify
the images as normal or OSCC using a combination of these deep features and traditional
algorithm features. Several assessment tools were utilized to evaluate the performance of
the proposed system and are discussed in Section 4. This method combines five distinct
CNN models with traditional algorithms GLCM, HOG, and LBP; then, it is fed to an SVM for
classification. The models used were Xception + (GLCM, HOG, and LBP) + SVM, InceptionV3
+ (GLCM, HOG, and LBP) + SVM, InceptionResNetV2 + (GLCM, HOG, and LBP) + SVM,
NASNetLarge + (GLCM, HOG, and LBP) + SVM, and DenseNet201 + (GLCM, HOG, and
LBP) + SVM. The results of this hybrid technique of the OSCC dataset are shown in Table 4. It
should also be noticed that in comparison to several other methods, DenseNet201 performs
noticeably better. DenseNet201 + GLCM, HOG, and LBP fed to SVM attained 97.00% accuracy,
96.77% precision, 90.90% sensitivity, 98.92% specificity, and 93.74% F1 score.

Table 4. Assessment of SVM performance with Fusion features for early diagnosis of OSCC.

Measures
Xception InceptionV3 InceptionResNetV2 NASNetLarge DenseNet201

GLCM, HOG GLCM, HOG GLCM, HOG GLCM, HOG GLCM, HOG
&, LBP, SVM &, LBP, SVM &, LBP, SVM &, LBP, SVM &, LBP, SVM

Accuracy (%) 93.65 94.44 95.23 96.03 97.00

Precision (%) 90.32 90.32 96.77 90.32 96.77

Sensitivity (%) 84.84 87.53 85.71 93.33 90.90

Specificity (%) 96.77 96.80 98.90 96.87 98.92

F1 score (%) 87.49 88.88 90.90 91.80 93.74

AUC (%) 92.50 94.10 95.80 94.10 96.80

Figure 12 shows the overall performance of the hybrid deep feature model with
GLCM, HOG, and LBP of Xception, InceptionV3, InceptionResNetV2, NASNetLarge,
and DenseNet201 using confusion matrices. Extensive simulation results show that
DenseNet201 performs better than the other models. DenseNet201 + (GLCM, HOG,
and LBP) + SVM attained 96.82% accuracy, 96.77% precision, 90.90% sensitivity, 98.92%
specificity, and a 93.74% F1 score. DenseNet201+(GLCM+HOG, and LBP) + SVM model
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performed well in assessing histopathological images for the quick diagnosis of OSCC,
achieving a total of 96.82% accuracy, and 96.77% accuracy for the diagnosis of OSCC, respec-
tively. It identifies normal images with 96.84% accuracy. Furthermore, three OSCC class
images were incorrectly classified as normal, and one normal class image was incorrectly
classified as OSCC, as illustrated in Figure 12e.

(a) (b)

(c) (d)

(e)
Figure 12. Deep Feature with (GLCM, HOG, and LBP) confusion matrices. (a) Xception + (GLCM,
HOG, and LBP) + SVM (b) InceptionV3 + (GLCM, HOG, and LBP) + SVM (c) InceptionResNetV2 +
(GLCM, HOG, and LBP) + SVM (d) NASNetLarge + (GLCM, HOG, and LBP) + SVM (e) DenseNet201 +
(GLCM, HOG, and LBP) + SVM.
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5.4. Receiver Operating Characteristic (ROC) and AUC

Figure 13 illustrates the performance evaluation of the AUC for the three different
strategies for histopathological images. The performance evaluation of Xception, Incep-
tionV3, InceptionResNetV2, NASNetLarge, and DenseNET201 is shown in Figure 13a,
achieving overall AUC of 90.4%, 89.9%, 90.90%, 93.10%, and 94.70%, respectively. Figure 13b
illustrates the hybrid features of Xception + SVM, InceptionV3 + SVM, and InceptionRes-
NetV2 + SVM, NASNetLarge + SVM, DenseNet201+ SVM, which achieved an overall AUC
of 90.40%, 92.00%, 94.10%, 92.50%, and 94.10%, respectively. Figure 13c displays the results
of using a fusion of hybrid features including Xception + (GLCM, HOG, and LBP) + SVM,
InceptionV3 + (GLCM, HOG, and LBP) + SVM, and InceptionResNetV2 + (GLCM, HOG,
and LBP) + SVM, NASNetLarge + (GLCM, HOG, and LBP) + SVM, DenseNet201 + (GLCM,
HOG, and LBP) + SVM, which achieved an overall AUC of 92.50%, 94.10%, 95.80%, 94.10%,
and 96.80%, respectively.

(a) (b)

(c)
Figure 13. ROC of histopathological images of OSCC (a) Deep learning models (b) CNN with SVM
(c) Hybrid Deep Feature with GLCM, HOG, and LBP.

6. Discussion of Proposed Methods

In the proposed method, the use of hybrid techniques was investigated to develop an
automated and precise early diagnosis of OSCC. We proposed three different strategies
to achieve this goal, each of which makes use of five different models that combine these
techniques in various ways to extract features from the images and classify patterns. Three
distinct filters were used to preprocess each image in the OSCC dataset. Moreover, to
obtain optimal results, the CNN algorithm requires a large dataset during the training
phase. Consequently, the dataset did not have sufficient images to train the model. A data
augmentation technique was applied to increase the number of histological images in the
dataset during the training phase to address overfitting problems. This study aimed to assist
clinicians in improving the early detection of OSCC, increasing the accuracy of diagnosis,
assisting in the diagnostic process, reducing workload, and being cost-effective. This
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study aimed to improve the early prediction of OSCC, which can lead to better diagnostic
results. The proposed model seeks to increase the accuracy of OSCC diagnosis and reduce
computational time by combining various models and methodologies, which can help
clinicians make more informed decisions about patient treatment. This is an automated
method that can assist doctors by providing a second opinion of images, reducing the
time required for manual analysis, and reducing the workload of doctors and pathologists.
This is achieved by utilizing a combination of CNNs, SVM, and other feature extraction
techniques, such as GLCM, HOG, and LBP.

One of our key contributions to this study is the application of five different models
for comprehensive comparison. By using a diverse range of models, we were able to
thoroughly evaluate the performance of transfer learning and make informed comparisons.
This approach not only provides a comprehensive understanding of the strengths and
weaknesses of each model but also allows us to identify the most effective approach for
the problem at hand. In addition to other state-of-the-art CNN models, this contribution
represents a significant step forward in many potential fields and highlights the impor-
tance of comparing multiple models when evaluating new techniques. The five models
utilized in this work are the Xception, Inceptionv3, InceptionResNetV2, NASNetLarge, and
DenseNet201 models, which achieved overall accuracies of 90.47%, 91.26%, 92.85%, 94.44%,
and 93.65%, respectively. The second strategy is the extraction of hybrid features using
both CNN and SVM, which is the key contribution of this study. The features are extracted
using different models and stored in a feature vector. It should be noted that the dataset
was massive and contained high-dimensional features for each histopathological image. To
address this issue, we employed PCA, which assists in compressing data while preserving
the essential properties of the feature vectors. Then, we fed these features to the SVM as
inputs for better classification.

This method addresses several issues associated with the CNN models. Training a
CNN model requires a large amount of computational power and can be time-consuming.
Consequently, this approach is easy to implement and can efficiently train a dataset on
a low-end computing device. To address these challenges, researchers have developed
techniques to increase the efficiency and cost-effectiveness of the training process. In
the implementation of the proposed model, five distinct models were utilized: Xcep-
tion + SVM, Inceptionv3 + SVM, InceptionResNetV2 + SVM, NASNetLarge + SVM, and
DenseNet201 + SVM, which attained an overall accuracy of 92.06%, 92.85%, 94.44%, 95.23%,
and 96.03%, respectively. The third procedure is a hybrid feature fusion of the CNN with
GLCM, HOG, and LBP, which is the key contribution of the proposed study. In this pro-
cedure, the features were extracted using different models, stored in a feature vector, and
passed through PCA for dimensionality reduction. These features are then fed into the
SVM for better classification. For the implementation of this strategy, five distinct models
were utilized: Xception + (GLCM, HOG, and LBP) + SVM, Inceptionv3 + (GLCM, HOG,
and LBP) + SVM, InceptionResNetV2 + (GLCM, HOG, and LBP) + SVM, NASNetLarge
+ (GLCM, HOG, and LBP) + SVM, and DenseNet201 + (GLCM, HOG, and LBP) + SVM,
which attained an overall accuracy of 93.65%,94.44%,95.23%,96.03%, and 97.00%, respec-
tively. The overall accuracies of the proposed models for histopathological image diagnosis
are listed in Table 5. The results indicated that the CNN model combined with GLCM,
HOG, and LBP achieved the best overall accuracy among the other models. The highest
accuracy in identifying histopathological images was achieved using an SVM classifier that
coupled the features of DenseNet201 with GLCM, HOG, and LBP. This technique has an
overall accuracy of 97.00%.
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Table 5. The overall result of the proposed methodology.

Strategies Models Accuracy(%)

Deep Learning Model

Xception 90.47
InceptionV3 91.26
InceptionResNetV2 92.85
NASNetLarge 94.44
DenseNet201 93.65

Hybrid Features of
CNN with SVM

Xception + SVM 92.06
InceptionV3 + SVM 92.85
InceptionResNetV2 + SVM 94.44
NASNetLarge + SVM 95.23
DenseNet201 + SVM 96.03

Hybrid Features Fusion of
CNN with GLCM, HOG,

and, LBP + SVM

Xception + GLCM, HOG, LBP + SVM 93.65
InceptionV3 + GLCM, HOG, LBP + SVM 94.44
InceptionResNetV2 + GLCM, HOG, LBP + SVM 95.23
NASNetLarge + GLCM, HOG, LBP + SVM 96.03
DenseNet201 + GLCM, HOG, LBP + SVM 97.00

The overall accuracy of the proposed methodology for histopathological images of OSCC
is shown in Figure 14. It is evident that for the diagnosis of OSCC, DenseNet201 mixed with
GLCM, HOG, and LBP together with SVM performed better than the other techniques.

90.4%
91.2%

92.8%

94.4%
93.6%

92.1%
92.8%

94.4%
95.2%

96.0%

93.6%
94.4%

95.2%
96.0%

97.0%

84

86

88

90

92

94

96

98

100

Xception InceptionV3 InceptionResNetV2 NASNetLarge DenseNet201

Ac
cu

ra
cy

Proposed Algorithms

Accuracy Comparision of proposed Algorithms 

Deep Learning Models Hybrid Features of CNN with SVM CNN with GLCM, HOG, and, LBP+SVM

Figure 14. Comparison of various models in terms of accuracy.

Table 6 and Figure 15 present the evaluation of the proposed model in comparison to
earlier research. A comparison of our method with previous research shows that it is more
efficient and effective. In contrast to earlier studies that were restricted to a few indicators,
our system was assessed using a wider range of evaluation measures. Earlier investigations
reported an accuracy range of 71–96%, whereas our approach exhibited an accuracy of 97%.
Furthermore, the specificity of our system was recorded as 98.92% compared to earlier
studies, which had a specificity ranging from 60.01% to 95.01%. Similarly, the precision
of our system was measured as 96.77%, which outperformed the precision reported in
previous studies, ranging from 85.71% to 95.16%.
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Table 6. Overall result comparison with previous studies.

Existing Techniques Accuracy(%) Precision(%) Specificity (%) F-1 Score (%) Models

Atta el.al [17] 90.00 87.69 87.38 90.15 AlexNet

Ibrar et al. [18] 96.00 95.16 95.01 93.71 Concatenation

Veronika et al. [21] 71.21 - 96.00 - Mobile Net

Anwar et al. [32] 78.95 85.71 60.01 84.68 ANN

Proposed Model 97.00 96.77 98.92 93.74 DenseNet201
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Figure 15. Comparison of Proposed Model with the existing model [17,18,21,32] in terms of accuracy,
precision, specificity, and F1 score.

7. Conclusions

The model proposed in this study provides an early diagnosis of OSCC using histopatho-
logical images. This study aimed to assist clinicians by improving the early detection of
OSCC, increasing the accuracy of diagnosis, helping in the diagnostic process, reducing
workload, and being cost-effective. This study employed three strategies, each using five
models. The first strategy, transfer learning, achieved an overall accuracy ranging from
90.47 to 94.44%. The second strategy, a hybrid of CNN and SVMs, had an overall accuracy
range of 92.06–96.03%. The third strategy, a hybrid of CNN, GLCM, HOG, and LBP, results
in an overall accuracy range of 93.65–97.00%. The reason for the highest accuracy achieved
by the proposed model is the use of customized layer and preprocessing techniques on the
dataset. Second, among the three different strategies, the third strategy, which combines a
CNN with features extracted using GLCM, HOG, and LBP, and then classifies the features
using SVM, gave better results because of the combination of various feature extraction
techniques. Each of these techniques provides a distinct perspective on image data, and
their combined use has the potential to provide a more comprehensive understanding
of the data, which leads to improved performance. The CNN is good at learning spatial
relationships between pixels, the GLCM provides texture information, the HOG character-
izes the shape of the objects, and the LBP acquires the local pattern information. A more
robust and accurate model is produced by combining these techniques, which enables a
more detailed comprehension of the images. The proposed model demonstrates significant
improvements in accuracy and efficiency for OSCC diagnosis, enabling more precise and
timely treatment decisions.
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