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Abstract

A significant proportion of cancer-related deaths are caused by oral cancer, and

oral squamous cell carcinoma is prevalent. Systems for computer-aided diagnosis

can lower subjective errors and assist the pathologist in making a more accurate

diagnosis. Feature extraction from the whole histopathology images is difficult

due to the structural variation of the oral tissue images. A new patch selection

algorithm can be used to create and select image patches containing nuclei-specific

information and extract their textural and morphological characteristics, improv-

ing cancer diagnosis. We extract the morphological characteristics of the nucleus

from the selected patches using five pretrained networks. The texture from the

regions of the selected patches is also extracted from the Haar wavelet decom-

posed components using the gray-level co-occurrence matrix. Then, we combine

the textural and morphological features to create the final feature vector, followed

by feature selection using an extra trees classifier. In order to detect oral squamous

cell carcinoma, we examined the feasibility of using six classifiers, including vot-

ing classifier, logistic regression, random forest, Naive Bayes, K nearest neighbor,

and support vector machine. The performance of the algorithm is evaluated using

accuracy, precision, sensitivity, confusion matrix, ROC curves, and AUC values

of characteristic curves. Together, ResNet 50 and the voting classifier produce

results with a high accuracy of 97.66 % and a precision of 98.00 %. The suggested

patch-based method outperforms the image based method and is accurate and

efficient for identifying oral squamous cell carcinoma and will be a reliable and

precise support tool for oral pathologists.

Keywords: Oral squamous cell carcinoma, Wavelet transform, Gray level co
occurrence matrix, pretrained networks, extra trees classifier.
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1 Introduction

Oral and pharyngeal cancer is the world’s sixth most common cancer.
Oral cancer is said to be responsible for about 2 % of cancer-related fatali-
ties [1]. Out of the 0.3 million oral cancer cases reported yearly worldwide,
48 % were severe [2]. According to a study conducted in 2018 [3], there
is a significantly higher chance of survival if it is diagnosed and treated
early. Oral cancer is a malignant condition where an abnormal mass of
tissue grows in any part of the mouth, including the lips, gums, tongue,
inner cheek lining, the roof of the mouth, and the floor. Currently, the
gold standard for oral cancer detection is histopathological image anal-
ysis. These images are created during a biopsy where oral tissues are
prepared onto slides and stained with hematoxylin and eosin dyes, also
known as H &E dyes. Every tissue component is profoundly stained by
these dyes, enabling doctors to see it more clearly [4]. These stained glass
slides are then converted to digital images using the whole slide imaging
(WSI) method for manual or computer-assisted diagnosis and storage [5].
Pathologists can identify the malignancy from these images based on the
nucleus’ size and color, changes in the nuclear-cytoplasmic ratio, and the
color of the stained tissue.
Oral squamous cell carcinoma (OSCC) is the most prevalent type of oral
cancer. The squamous cells that constitute the lining of the oral cavity,
known as the squamous epithelium, can be seen infiltrating the connective
tissue as sheets, nests, and islands under a microscope. The morpho-
logical characteristics of squamous cells seen in OSCC include increased
cell division, aberrant cell division, island development, and intercellular
bridges [6]. In contrast, the image of a normal tissue won’t show any of
these abnormalities. In Fig. 1, the oral histopathology images of normal
and OSCC tissue are displayed to highlight these variations.
In clinical care, oral pathologists manually examine biopsy samples under
a microscope to make decisions. There are several problems with visual
evaluations. First of all, it is time-consuming and challenging for pathol-
ogists to examine a large number of slides. The high cell and nucleus
densities in oral histopathology images make it difficult for human eyes to
distinguish these kinds of subtle microscopic characteristics [8]. Also, the
manual identification of early cancer symptoms is challenging and heavily
relies on the training and experience of the doctor or healthcare profes-
sional. As a result, nearly half of all cases of oral cancer are presently
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(a) (b)

Fig. 1: Oral histopathology images of (a) Normal tissue, where nuclei (for ease of
identification, some of the nuclei are highlighted with rectangular box) are circular
and the shapes are not distorted, and (b) OSCC tissue, where the highlighted area
represents islands of nuclei and the shape of nuclei are distorted [7].

discovered at an advanced stage. So, more efficient oral cancer screening
programs are critically needed to address this issue.
These problems may be resolved by developing computer-aided diagnos-
tic techniques, which are usually based on the segmentation of nuclei
and concentric rings of squamous cells known as keratin pearls as well as
the extraction of textural and morphological features from the images.
Keratin pearls are the main indicator of oral cancer [9], but they might
not always be visible in OSCC images, which could result in erroneous
classification. Therefore, instead of looking for keratin pearls, textural
characteristics like energy and entropy from the RGB color components
of the median filtered images can be used [10]. To detect OSCC from
images, they were decomposed using a 2D empirical wavelet transform,
and textural features were extracted from the wavelet components [11].
The representation of an image by a wavelet transform happens in a
space whose coordinate system has an interpretation closely related to the
characteristics of a texture, such as frequency or size [12]. Textural char-
acteristics were extracted from the images as well by converting them to
the Gray Level Co-Occurrence Matrix (GLCM) [13] and the Local Binary
Pattern (LBP) [14] because the GLCM determines an image’s texture by
determining how frequently pairs of pixels with specific values and spatial
relationships appear in the image [15] and the local spatial patterns and
the contrast in the grey scale in an image are effectively captured by LBP
descriptors [16]. With the most recent advancements in machine learning,
numerous deep learning-based techniques, including convolutional neu-
ral network (CNN), pre-trained deep CNN networks [17], like Alexnet,
VGG 16, VGG 19, ResNet 50 [18], MobileNet [19], multimodal fusion
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with CoaT (coat-lite-small), PiT (pooling based vision transformer pit-
s-distilled-224), ViT (vision transformer small-patch16-384), ResNetV2
and ResNetY [20], and concatenated models of VGG 16, Inception V3
[21], have been proposed for the automated extraction of morphologi-
cal features. After the feature extraction, the images were classified into
normal and OSCC categories using different classifiers such as random
forest [22], support vector machine (SVM) [10], extreme gradient boost-
ing (XGBoost) with binary particle swarm optimization (BPSO) feature
selection[23], K nearest neighbor (KNN) [10], duck patch optimization
based deep learning method [24] and two pretrained models, ResNet 50
and DenseNet 201 [11]. However, as the number of layers of the network
increases, the complexity also will increase. This will again increase if
multiple models are combined.
Processing the high-resolution WSI oral histopathology images for OSCC
detection involves more time, hardware, and memory. Also, when employ-
ing transfer learning on WSI images directly, for cancer detection, the
input images must be resized into an appropriate input size for the net-
work to train. However, there is a possibility of information loss when
resizing the images [25]. So, we can reduce complexity and computation
time by providing patches containing the relevant data for the diagnosis
rather than the entire histopathology image. As we reported previously
[26], combining morphological characteristics with the image’s textural
features can result in a powerful method for cancer detection. However,
combining these features from the WSI images results in bigger feature
sizes, which raises computational complexity. To address the aforemen-
tioned issues, we propose a new patch selection algorithm to create and
select patches from images which hold discriminative information, fol-
lowed by textural and morphological feature extraction, selection, and
classification. GLCM is used to extract textural features from the wavelet
decomposed patches, and pretrained networks extract morphological fea-
tures directly from the patches. Then the features are fused to make
a feature vector, and the best features are selected from this vector to
produce the final feature vector. This final vector is then utilized to clas-
sify images into normal and OSCC. The algorithm is computationally
efficient and validated using a public oral cancer dataset [7]. The experi-
mental results show that the proposed patch-based method outperforms
the other existing OSCC detection methods.
The main contributions in this paper are summarised as follows:
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• We present a new algorithm for patch selection from oral histopatho-
logical images.

• Proposed a feature fusion framework for the fusion of textural and
morphological features extracted from the image patches.

• Investigated the predictive ability of six distinct classifiers to classify
the images into normal and OSCC.

The rest of the paper is organized as follows. In section 2, we explained the
methodology of the proposed algorithm. An explanation of the materials
used for the experiment is also included in section 2. Experiment results
and analysis, including comparison with the existing algorithms, are given
in Section 3. Finally, Section 4 concludes the paper.

2 Materials and methods

In this section, we first present the data used for validation and the
overview of our patch-based oral cancer classification model, followed by
the steps and the detailed structure of the proposed algorithm.

2.1 Data description

Compared to other techniques for oral cancer detection like CT imaging
and Fluorescence Visualization, oral histopathology images are especially
useful in the early diagnosis of oral cancer [27]. The histopathological
image database of oral cancer, with finely annotated normal and OSCC
histopathology images, was used in this study [7]. There were 1224 oral
histopathology images in the repository, divided into two sets with two
distinct magnifications. The dataset’s first group includes 439 images of
OSCC and 89 oral histopathological images of the normal epithelium
with a magnification factor of 100. The second group consists of 495
histopathological images of OSCC and 201 images of the normal oral tis-
sue epithelium with a magnification factor of 400. The images were taken
from 230 patients using a Leica ICC50 HD microscope. The oral tissue
slides were gathered, prepared, and categorized by medical professionals.
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Fig. 2: Block diagram for the proposed method.

2.2 Proposed Method

The overall structure of the proposed OSCC detection method is shown
in Fig. 2. The method is divided into five stages: preprocessing of the
image, the extraction and selection of patches, the fusion of morphologi-
cal and textural features from the chosen patches, feature selection, and
classification. Following the preprocessing, patches that are 50% overlap-
ping based on the patch’s density map are extracted, and the best four
patches are selected using a criteria, which is described in section 2.2.2.
It is commonly accepted that the human visual system gathers signifi-
cant features in the frequency domain regardless of their illumination or
the presence of noise. Past investigations have shown that the visual cor-
tex possesses orientation and band-pass filters for analyzing images [28].
So, it is more effective to analyze an image’s texture in the frequency
domain and extract the feature that includes all of the image information
and this method is frequently used for global texture analysis [29]. In the
proposed method, we transform the images into the frequency domain
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using Haar wavelet transform because it improves the distinguishability
of features extracted from the image [30]. After decomposing using Haar
wavelets, textural features are extracted from the selected patches. How-
ever, morphological features are directly extracted from the patches using
pretrained neural networks because these networks try to learn both the
high-level and low-level features from the images. Then, the complete fea-
tures of the histopathology image or patches are obtained by fusing the
textural and morphological features. Finally, the fusing of the features is
followed by feature selection and classification. A detailed explanation of
the algorithm is given below.

2.2.1 Preprocessing

Many factors usually degrade histopathology images, resulting in low con-
trast images [31]. The preprocessing of histopathology images is the first
stage in the detection of OSCC. In this research, we used contrast lim-
ited adaptive histogram equalization (CLAHE) to improve the images’
local contrast [32]. The CLAHE method, which was created using a pre-
determined clip limit value, is used to minimize noise while enhancing the
quality of histopathological images [33].

2.2.2 Patch selection

It is challenging to locate and segment the pathological area of interest
in the WSI images for the diagnosis of cancer and there are difficulties
in running direct deep learning models on the WSI due to their size/
high resolution. This problem can be mitigated by splitting the image
into smaller patches and selecting only the relevant patches for further
investigation. Hence, a patch extraction and selection method that selects
the patches that contain the relevant data about the nucleus is devel-
oped in this work. Fig. 3 shows the block diagram for the patch selection
algorithm.
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Fig. 3: Block diagram for patch selection algorithm.

In the histopathological images under test, our area of interest is
the nucleus. So, after pre-processing, the K-means clustering algorithm
divides the image into K=3 regions; nucleus, cytoplasm and background.
The next step is to convert the current clustered RGB image into a
blue ratio image [34], which aids in locating the image’s nuclei or the
most noticeable and brightest objects. The mathematical formula for
converting an RGB image to a blue ratio image is given by [34]:

Blue ratio =
100*B

1+R+G
× 256

1+R+G+B
, (1)

where ‘R’, ‘B,’ and ‘G’ are the red, blue, and green channel intensities,
respectively. Finding the nuclear density is the next stage after obtaining
the blue ratio image. The nuclear density, which is defined as the num-
ber of cell nuclei per unit area [35], is a crucial parameter to be noted
when examining features related to tissues or cells. The nuclear density
of OSCC images is typically more significant than that of normal images.
For finding the nuclear density, the blue ratio image is first binary thresh-
olded, and the image is filtered using a sliding window of an all-ones
matrix of size 256 x 256 to create the nuclear density map, where the
whiteness of the density map is an indication of the nuclear density level.
Then, choose four image patches of size 512×512 or smaller (near the
image edges) such that the patch centers are the top intensity levels in the
image which satisfies the condition that the maximum overlap between
any two patches is 50%. The images at different stages in a typical patch
selection process are shown in Fig. 4.
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Fig. 4: Images at different stages in a typical patch selection process (a) Input image,
(b) pre-processed image, (c) K-means clustered image with K=3, divides the enhanced
image into three regions; the nucleus, cytoplasm and background, (d) blue ratio image,
(e) nuclear density map, where nuclear density is shown by the whiteness level (f) 50%
overlapping patches, highlighted by red colour bounding boxes, and (g) the selected
four patches.

2.2.3 Haar wavelet decomposition of patches for textural feature
extraction

Based on the image’s shape, morphology, intensity, and texture,
histopathological images can be classified as normal or cancerous. Extrac-
tion of information from the entire image or patches that rely on texture
is crucial for the detection of OSCC. The term texture refers to spe-
cific characteristics of the internal constitution or structure of tissues,
and texture-based approaches are often investigated for the examination
and classification of histopathological tissues [36] [13]. Instead of extract-
ing the textural features directly from the patches or images, it is more
beneficial to split them into frequency components using wavelets like
Haar, as stated in [29]. The Haar wavelet [37] transform provides excellent
frequency resolution for low-frequency components, which is the mean
intensity values of all image pixels and good temporal resolution for high-
frequency components, which are the edges present in the image when
applied to images or patches.
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Fig. 5: First level Haar wavelet transformation with four frequency components LL,
LH, HL and HH.

In our proposed approach, a Haar wavelet function was applied to
each patch and the total information was split into three detailed and
one approximate coefficient such as HL, LH, HH, and LL, which stand for
the horizontal, vertical, diagonal detail and approximation coefficients,
respectively, which are perfect for extracting the most discriminative tex-
tural characteristics [38]. This decomposition process is shown in Fig. 5.
In this decomposition, the high-frequency detail components are the com-
plementary part of the low-frequency approximation components. So, the
approximation and any one detail coefficient are sufficient to describe the
features of the image. The Gray Level Co-occurrence Matrix (GLCM),
first suggested by Haralick in 1973 [36], is a widely used technique for
extracting textural features. After converting the images to grayscale,
the GLCM primarily focuses on the spatial connection of the pixel, such
as angle and distance. Six texture features were chosen from a total of 28
in the GLCM, including dissimilarity, homogeneity, contrast, correlation,
energy, and angular second moment (ASM). They give structural infor-
mation about the cells and nuclei in each region. The GLCM features
are enumerated in equations (2) to (7) and each element of the matrix
is denoted by ci,j , where i and j denote coordinates and NG denotes
the number of grey levels in the image. The GLCM matrix’s row-wise
and column-wise means of all pixel intensities are denoted by µi and µj ,
respectively. Whereas, σi and σj , respectively, are used to represent the
row-wise and column-wise variance of all pixel intensities. Dissimilarity
is a measure of the distance between two elements in the GLCM matrix,
whereas homogeneity is a measure of the closeness of the distribution of
matrix elements in the GLCM. Contrast measures the contrast between
grey levels and correlation measures how a pixel in an image or patch
relates to its neighbor. Another GLCM feature, energy, is obtained after
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taking the root of the sum of squared elements in the GLCM and it
represents the uniformity of the image texture, with higher energy values
indicating a more heterogeneous texture. The ASM is calculated as the
square of energy based on the homogeneity present in an image.

Dissimilarity =
∑NG−1

i,j=0 |i − j| ci,j (2)

Homogeneity =
∑NG−1

i,j=0
ci,j

1+(i−j)2
(3)

Contrast =
∑NG−1

i,j=0 ci,j(i − j)2 (4)

:
Correlation =

∑NG−1
i,j=0 ci,j

(i−µi)(j−µj)√
(σi)2(σj)2

(5)

Energy =
√

∑NG−1
i,j=0 c2

i,j
(6)

ASM =
∑NG−1

i,j=0 c2
i,j

(7)

Lastly, we combine all the six GLCM features from each of the four
patches to create a feature vector of size 24.

2.2.4 Morphological feature extraction from the patches using
Pretrained networks

Morphological features like nucleus size, shape, color, and tissue charac-
teristics are equally important as textural features. Both morphological
and textural properties will contribute to the complete set of features in
the histopathology images that are used to detect cancer. The four chosen
patches’ morphological characteristics are extracted out and combined to
create another feature vector. We used pretrained networks for the mor-
phological feature extraction because they can extract the morphological
features effectively [39]. Pretrained networks for feature extraction are
deep neural networks that have been trained on large datasets such as
Imagenet, CIFAR, or MNIST. Because they possess the ability to extract
important and high-level features from raw input data and these networks
are useful for a number of computer vision applications. There is a CNN
in a pretrained network that includes hidden layers, convolutional layers,
and max-pooling layers. Its weights, however, are not initially determined
because they have already been initialised and optimised during the pre-
training phase and some of its hyperparameters include the learning rate,
batch size, and number of epochs. This work has used the pre-trained
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models VGG 16, ResNet 50, Inception V3, Xception, and DensNet 121 to
extract morphological features. All of the hidden layers in the VGG net-
work use the ReLU activation function, and VGG networks take images
of size 224 × 224 and here in this work they resize the 512 × 512 sized
patches. Also, upsampling is used to meet the patch size requirement for
VGG 16 if the patch size is less than 224 × 224. The VGG 16 has a large
network with approximately 138 million total parameters and training the
parameters requires more time [40]. Convolutional neural network (CNN)
architecture with 50 levels is known as the ResNet 50 model. A residual
neural network transforms a plain network into a residual network equiv-
alent using skip connections. The convolution layers layered one above
the other are analogous to the skip connections. Higher layers can func-
tion effectively because this link reduces the vanishing gradient issue in
deeper architectures [41]. ResNet 50 uses 48 convolutional layers, one
max pooling layer, and one average pooling layer. Edges, lines, and angles
are morphological characteristics that can be extracted from images by
ResNet 50’s layers. A max-pooling layer is added, which decreases the
operation’s complexity while decreasing the dimension of the feature map.
Xception is a 71-layer deep convolutional neural network with 36 convo-
lutional layers forming the network’s feature extraction base [42]. It is
a depthwise separable convolution layer stack with residual connections.
Inception V3 started as a GoogleNet module and is a convolutional neu-
ral network useful in image analysis and object detection. It is a 48-layer
deep convolutional neural network and a widely used image recognition
model with an accuracy greater than 78.1% on the ImageNet dataset
[43]. The architecture of Inception V3 was designed to allow for deeper
networks while also limiting the number of parameters to 25 million.
Finally, among the DenseNet group models, the DenseNet 121 model is
primarily designed for image classification [44]. Through a feed-forward
connection, DenseNet CNN links every layer to every other layer. Each
layer in DenseNet receives its feature maps from the layers before it, and
all succeeding layers receive their feature maps as inputs. In addition, it
minimizes the amount of parameters while improving feature propagation
and reuse.

2.2.5 Feature fusion and feature selection

Concatenating the morphological features derived by the pretrained net-
work and the textural features extracted by GLCM from the patches
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creates a feature vector [45]. We employ a feature selection technique that
is popular and frequently employed by researchers in order to choose the
finest features from the feature vector and improve classification accuracy.
As in [46], we also use extra tree classifier, also known as the extremely
randomized trees classifier, for the finest feature selection and the feature
vector’s best features can be selected by using it [47]. Furthermore, earlier
studies have shown the advantages of using extra-tree as the feature selec-
tion approach to improve classification accuracy in the white blood cell
classification [47], prediction of Parkinson disease [48] and breast cancer
detection [49]. In extra tree classifier, each decision tree in the extra trees
forest is built from the original training sample. Then, at each test node,
each tree is given a random sample of P features from the feature-set,
from which each decision tree must choose the best feature to divide the
data using some mathematical criterion, usually the Gini Index [50]. To
perform the feature selection, each feature is ranked in descending order
of its Gini Importance, and the the top P features [46] are selected.

2.2.6 Classification

In the proposed method, we present six different classification methods
for the detection of OSCC. They are logistic regression (LR), random for-
est (RF), Naive Bayes (NB), support vector machine (SVM), K nearest
neighbour (KNN) and voting classifier. The LR method is a supervised
learning classification algorithm that uses just two classes to predict
the probability of an output [51]. A predictive regression method called
logistic regression is used to evaluate the connection between a binary
dependent variable and one or more independent variables. It generates
discrete results that range from 0 to 1. We choose LR as one of the clas-
sifiers because our problem is a binary classification challenge. Based on
the Bayes theorem [52], naive bayes is a probabilistic classifier that can
be applied to predictive modeling. The likelihood and conditional prob-
ability for each class are directly calculated from the training data. The
calculations can then predict the input data using the Bayes theorem
and the probability model. To calculate these probabilities efficiently, we
presume the distribution is Gaussian (bell-shaped). We selected Bayes as
the next classifier because it is fast and can be used to make real-time
predictions. A supervised machine learning algorithm called a random
forest is built on decision tree algorithms [53]. It is constructed using a
combination of classifiers with a tree-like structure and decision trees,
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and it is used in machine learning to handle regression and classifica-
tion problems. Based on the predictions made by the decision trees, this
algorithm provides an output or decision. We selected RF for our work
since it works well with a large number of features and is widely used for
automated cancer diagnosis using histopathology images. The SVM is a
supervised learning technique that can classify data, detect outliers, and
predict future results [54]. It is particularly helpful when performing clas-
sification in high-dimensional spaces, where a single hyperplane or group
of hyperplanes are formed in a high or infinite-dimensional space [54].
The sample or data points that are nearest to the hyperplane are called
support vectors, which act as a decision boundary between different data
points. The classification feature of SVM is expanding its use in cancer
diagnosis and, we selected SVM also in our work. The voting classifier,
also called ensemble learning, is a type of machine learning that employs
different classifier models to train and predict an output (class) based on
the likelihood that the output will belong to the class with the highest
probability [55]. Based on the voting criteria used by different classifiers,
the result is predicted. A voting classifier can combine several weak learn-
ing classifiers to provide predictions that are more accurate than any one
of the individual weak learning classifiers could produce on its own. It is
an effective approach that could make an excellent option when a certain
approach shows bias towards a specific component. So, along with LR,
RF, NB, KNN and SVM, we selected voting classifier also in this work.

3 Results and discussion

The suggested framework is implemented in Python 3.7.6 and runs on
an Intel(R) Core TM i3 -7130U 2.07 GHz CPU with 8 GB of RAM. It
is essential to evaluate the precision and effectiveness of the proposed
approach using a variety of performance indicators. Our proposed method
was validated on a publicly available dataset for oral cancer [7]. A total
of 1224 oral histopathology images were used for training and testing,
including 290 normal and 934 OSCC images with a size of 2048 × 1536
in ”.jpg” format. Table 1 shows the dataset’s description [7].
Contrast enhancement is used as the pre-processing step to improve the
input image contrast. Each input image is represented by four patches of
size 512 × 512 pixels selected by the proposed patch selection algorithm
based on high nuclear density. The number of images in both classes
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Table 1: Description of the dataset.

Magnification Class No.of images
100× Normal 89

OSCC 439
400× Normal 201

OSCC 495

should be equal for accurate classification. Here, there is an imbalance
between the number of normal and cancer images, and the result will
lead to errors and misclassifications [46]. So, we augmented the total 1224
images using two popular data augmentation techniques, flipping and
rotation, and the number increased from 1224 to 2000 for both classes.
In this paper, we use images for testing and training in the ratio of 70:30.

3.1 Haar wavelet first level decomposition

For the textural feature extraction, each input image patch is decomposed
by Haar wavelets to produce the four frequency components LL, HL, LH,
and HH which is shown in Fig. 5.

3.2 Pretrained networks and feature selection

To extract morphological characteristics from the final four patches, we
used five pretrained networks. The process of fine-tuning, in which we
modify the parameters referred to as hyperparameters, is what largely
determines how accurate the pretrained models are. Table 2 lists the
hyperparameters, including batch size, momentum, learning rate, number
of epochs, and input layer count. The optimizers used were Adam and
Stochastic Gradient Descent (SGD) [56]. The study was conducted using a
variety of parameters, and in this work, the optimal parameter values were
selected. Table 3 shows the number of features extracted and the time
taken for feature extraction by the five distinct pretrained networks. The

Table 2: Hyperparameters of pretrained networks.

Learning Momentum No.of Batch No.of
rate epochs size layers

VGG 16 0.001 0.9 200 64 16
ResNet 50 0.0001 0.9 200 64 50
Inception V3 0.05 0.9 200 64 48
Xception 0.01 0.9 200 64 36
DenseNet 121 0.1 0.9 200 64 24

least number of features are extracted by the VGG 16, and the most are
extracted by ResNet 50 and Xception. In Table 4, the amount of features
chosen and a comparison of feature extraction techniques are shown. In
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Table 3: Comparison of different pretrained methods
in terms of time for morphological feature extraction,
and the number of features extracted.

Number of extracted Time for feature
features extraction (Seconds)

VGG 16 25088 721
ResNet 50 100352 648
Inception V3 51200 143
Xception 100352 471
DenseNet 121 50176 577

Table 4: Comparison of the feature
extraction methods and features selected
by extra trees classifier.

Feature Number of selected
extraction features
GLCM+VGG 16 14140
GLCM+ ResNet 50 13423
GLCM+Inception V3 14128
GLCM+Xception 16530
GLCM+DenseNet 121 13090

Fig. 6, the feature maps of a patch created by five different pretrained
networks are shown. The feature maps of a pretrained network capture
the result of applying the filters to an input image. It is a function that
maps a data vector to feature space. They represent the outputs of each
layer in a neural network and capture different levels of complexity and
abstraction of the input data. The purpose of visualizing a feature map for
a particular input image or patch is to identify whether input features are
identified or preserved in the feature maps. While feature maps near the
output of the model capture more general features, those near the input
of the model detect tiny or fine-grained detail [57]. Initial layers of the
pretrained network identify low-level features such as colour and edges of
nucleus, epithelium and tissue, while subsequent layers identify high-level
features such as shape of tissue and nucleus. The final convolutional layer
of the VGG 16 is widely used for visualisation because it has the tendency
to capture complex visual patterns, as shown in Fig. 6(b). In contrast,
ResNet 50’s feature map in the final layer frequently represents high-
level semantic information as illustrated in Fig. 6(c). Rich diverse visual
features may be seen in Fig. 6(d) and are often captured by the feature
maps from the final layers of Inception V3. A complex visual pattern and
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(a) (b)

(c) (d)

(e) (f)

Fig. 6: 64 feature maps of an image patch using pretrained networks (a) The selected
image patch (b) feature map of VGG 16, (c) feature map of ResNet 50, (d) feature
map of Inception V3, (e) feature map of Xception, and (f) feature map of DenseNet
121. 17



semantic information can be represented using feature maps from the
final layer of Xception, as seen in Fig. 6(e). It has been shown that the
feature maps in the top layer of DenseNet 121 include highly abstract
and integrated data, as illustrated in Fig. 6(f).

3.3 Assessment of classification schemes

In general, the confusion matrix, receiver operating characteristic (ROC)
curves, the area under the ROC curve (AUC), classification accuracy,
precision and sensitivity were used to assess the effectiveness of classifier
models. In this work as well, we employed the same performance met-
rics listed in equations (8) to (10). A confusion matrix of size 2 × 2 can
be used because the classification of oral cancer is a binary classifica-
tion problem. In the confusion matrix, the number of images that were
initially classified as cancerous and were subsequently predicted to be
cancerous is known as the true positive (TP). True negative (TN) is the
number of images predicted as normal and originally belonging to a nor-
mal class, while a false negative (FN) is the number of images predicted
as normal but originally belonging to a cancerous class. The system for
decision support won’t be effective if there are more FNs in a confusion
matrix. The classification accuracy, which is calculated as the ratio of the
total number of correct predictions to the number of test images, is used
to measure how well the suggested method performs. In Table 5, the con-
fusion matrices for the six classifiers with GLCM and the five distinct
pretrained feature extraction techniques are presented.
The classification accuracy can be calculated as [28],

Accuracy =
TP + TN

TP + FP + TN + FN
(8)

Along with the average classification accuracy, other performance metrics
namely, sensitivity and precision are also used, and they are defined as
follows.

Sensitivity =
TP

TP+FN
. (9)

Precision =
TP

TP+FP
(10)

Table 6 summarises the six classifiers’ accuracy, precision, and sensitiv-
ity. The voting classifier with ResNet 50 has fewer miss classifications than
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the other five classifiers. That is, when compared to other combinations
of pretrained networks and classifiers, the ResNet 50 with voting clas-
sifier model performed better in classifying oral histopathology images.
The accuracy, precision, and sensitivity provided by the voting classifier
with ResNet 50 in the proposed algorithm are 97.66 %, 98.00 %, and
97.35 %, respectively. ResNet 50 and the voting classifier work together to
give robustness against noise and errors. ResNet’s deep feature extraction
capabilities helps in capturing meaningful representations and minimise
the impact of noisy or irrelevant features. The voting classifier combines
predictions from various models, allowing for error correction and low-
ering dependency on any single classifier. As a result, the classification
findings are more powerful and accurate.

Table 5: Confusion matrix for different feature extraction
methods and classifiers.

Feature extraction method Classifier TP FN FP TN

GLCM+ VGG 16 264 38 21 277
GLCM+ Resnet 50

LR
270 32 20 278

GLCM+ Inception V3 265 37 45 253
GLCM+ Xception 261 41 46 252
GLCM+ DenseNet 121 273 29 34 264
GLCM+ VGG 16 258 44 33 265
GLCM+ Resnet 50

RF
247 55 40 258

GLCM+ Inception V3 243 59 45 253
GLCM+ Xception 248 54 55 243
GLCM+ DenseNet 121 256 46 40 258
GLCM+ VGG 16 234 68 33 265
GLCM+ Resnet 50

NB
247 55 40 258

GLCM+ Inception V3 182 120 47 251
GLCM+ Xception 219 83 66 232
GLCM+ DenseNet 121 275 27 109 189
GLCM+ VGG 16 263 39 44 254
GLCM+ Resnet 50

SVM
272 30 26 273

GLCM+ Inception V3 264 38 50 248
GLCM+ Xception 257 45 52 246
GLCM+ DenseNet 121 270 32 37 261
GLCM+ VGG 16 127 175 16 282
GLCM+ Resnet 50

KNN
266 36 41 257

GLCM+ Inception V3 194 108 62 236
GLCM+ Xception 224 78 77 221
GLCM+ DenseNet 121 238 64 69 229
GLCM+ VGG 16 255 47 13 285
GLCM+ Resnet 50

Voting
294 8 6 292

GLCM+ Inception V3 249 53 31 267
GLCM+ Xception 259 43 44 254
GLCM+ DenseNet 121 274 28 38 260
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Table 6: Accuracy, precision and sensitivity for different classifiers
LR, NB, RF, SVM, KNN and Voting classifier when GLCM and
different pretrained networks are used for feature extraction.

Pretrained Clasifier Accuracy (%) Precision (%) Sensitivity (%)
model

LR 90.16 92.63 87.41
RF 87.16 85.43 85.71

VGG 16 NB 83.16 87.64 77.48
SVM 86.16 85.66 87.08
KNN 68.16 88.88 42.05
Voting 90.00 95.14 84.43
LR 91.33 93.10 89.40
RF 84.16 86.06 81.78

ResNet 50 NB 84.16 86.06 81.78
SVM 90.83 91.27 90.06
KNN 87.16 86.64 88.07
Voting 97.66 98.00 97.35
LR 86.33 85.48 87.74
RF 82.66 84.37 80.46

Inception V3 NB 72.16 79.47 60.26
SVM 85.33 84.07 87.41
KNN 71.66 75.78 64.23
Voting 86.00 88.92 82.45
LR 85.50 85.01 86.42
RF 81.83 81.84 82.11

Xception NB 75.16 76.84 72.51
SVM 83.83 83.17 85.09
KNN 74.16 74.41 74.17
Voting 85.50 85.47 85.76
LR 89.50 88.92 90.39
RF 85.66 86.48 84.76

DenseNet 121 NB 77.33 71.61 91.05
SVM 88.50 87.94 89.40
KNN 77.83 77.52 78.80
Voting 89.00 87.82 90.72
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(a) (b)

Fig. 7: ROC curves for different classifier performance (a) VGG 16, (b) ResNet 50,
(c) Inception V3, (d) Xception, and (e) DenseNet 121.
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3.4 ROC curves and AUC values for different classifiers

In Fig.7, the ROC curves are also plotted for the classifiers. The ROC
analysis measures how well classifiers can distinguish between the two
classes of normal and cancerous data [58]. The Area Under the Curve
(AUC), which represents a summary of the ROC curve, is a measure-
ment of a binary classifier’s ability to distinguish between classes [58].
From the figure, it can be observed that the combination of the voting
classifier with ResNet 50 outperforms the other five classifiers in terms of
ROC and AUC values for oral cancer classification. The ResNet 50 use
skip connections to help with deep feature extraction and to solve the
vanishing gradient problem, which results in better feature representa-
tion. Additionally, the voting classifier can correct for biases to produce
a more accurate and balanced classification. Therefore, the combination
is appropriate to achieve high classification accuracy.

3.5 Comparison with existing algorithms

The performance metrics such as accuracy, precision and sensitivity of the
proposed algorithm is compared with six other previously reported algo-
rithms [10] [11] [18] [20] [21][22] [23][24] using the public OSCC dataset, in
terms of accuracy, precision and sensitivity. The results are summarised
in Table 7. Table shows that the proposed method, ResNet 50 with voting
classifier outperforms the other eight algorithms in accuracy and preci-
sion for OSCC detection. However, compared to the other algorithms, the
method using [23] XGBoost and BPSO has a high sensitivity of 98.90%.
In contrast to sensitivity, the method’s accuracy and precision are mod-
erate. In this instance, it suggests that the feature selection process using
BPSO is biased towards selecting features that are more relevant to the
positive class, leading to an imbalance in the classifier’s predictions.

3.6 Comparison of proposed algorithm for patches vs whole
image

One of the contributions of this work is the proposed patch selection algo-
rithm to improve computational efficiency and cancer detection accuracy.
In this section, for the evaluation of the efficiency and accuracy of the
proposed algorithm, instead of the image patches, the whole image is used
in the algorithm and the results are compared with the case where image
patches are used. For clarity, the stages of the algorithm when the whole
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Table 7: Comparison of the proposed method with recent algorithms for oral cancer
detection tested on oral cancer dataset [7].

Method Model/Classifier Accuracy Precision Sensitivity
(%) (%) (%)

Feature extraction of SVM 91.00 89.40 98.23
temporal features [10] KNN 80.00 77.94 94.42
Empirical wavelet Ensemble of 92.00 92.80 100
transform feature ResNet 50 and
extraction [11] DenseNet 201
Concatenated VGG 16 96.66 95.16 98.33
model [18] and Inception V3

are concatenated
Multimodal ResNetV2 89.22 90.80 89.60
fusion and ResNetY 88.72 90.80 89.80
transformers neural PiT 91.64 93.00 92.00
networks [20] ViT 89.90 91.80 91.20

CoaT 90.34 92.00 91.40
Classification Mobile Net 85.48 81.00 79.00
by transfer Large CNN 76.61 58.00 52.00
learning ResNet 50 91.13 88.00 87.00
method [21] Inception V3 89.52 89.00 82.00
Inception V3 feature Inception V3-RF 91.00 89.30 92.92
extraction [22]
Feature selection XGBoost 96.30 96.30 98.90
using BPSO [23] RF 93.10 93.30 97.80

ANN 94.10 94.10 97.80
Duck pack optimization Variational 97.28 95.51 97.46
with deep learning [24] autoencoder (VAE)
Fusion of textural and GLCM+ ResNet 50+LR 91.33 89.40 93.10
morphological features GLCM+ ResNet 50+RF 88.00 85.09 90.49
from patches selected GLCM+ ResNet 50+ NB 84.16 81.78 86.06
(proposed) GLCM+ ResNet 50+ SVM 92.50 92.71 92.40

GLCM+ ResNet 50+ KNN 87.16 88.07 92.40
GLCM+ ResNet 50+ Voting 97.66 98.00 97.35

image is used are as follows. The images are first enhanced using CLAHE
method. The enhanced image is then decomposed using the Haar wavelet
transform. The textural and morphological features were then extracted
using GLCM (from the HH, LL components of Haar wavelet decomposi-
tion) and pre-trained networks (from the enhanced image), respectively.
Then, the feature vector is formed and from which the finest features are
selected using the extra trees classifier. Finally, the images were classified
into normal and OSCC. The comparison results are summarised in Table
8. From the table, it can be noted that the computation time when the
whole images were used was 60% more than that when the image patches
were used. More importantly, the classification performance is better
when image patches are used instead of whole images. So, we conclude
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that the use of image patches instead of the whole image will improve
both the computational accuracy and performance of the algorithm.

Table 8: Performance comparison of image based and patch
selection based classification.

Input Accuracy Precision Sensitivity Execution
(%) (%) (%) Time (Seconds)

Whole image 95.21 95.24 92.90 18755

Image patches 97.66 98.00 97.35 11299

4 Conclusion

A large population of people suffering from oral cancer demands an
accurate automated OSCC detection system. Numerous machine-learning
techniques are used in the study of automatic OSCC detection using oral
histopathology images. The proposed OSCC detection algorithm selects
the patches containing important information about the morphology and
nuclear density of tissues using a new patch selection algorithm. Textural
and morphological characteristics were then extracted from the patches
and the chosen features were trained by six well-known classifiers for 2000
images. From each input image, a number of 50% overlapping patches
are extracted after contrast enhancement, and the finest four patches
are chosen based on high nuclear density. For accurate feature extrac-
tion from the four patches, a feature fusion-based approach is suggested.
The morphological features extracted by pretrained networks and the
Haar wavelet-based GLCM textural features are used to accomplish this.
Finally, from these features, finest features are chosen using an extra
trees classifier. Images are divided into normal and OSCC categories
after the feature has been trained using five various classifiers, includ-
ing LR, RF, NB, SVM, KNN, and voting. The suggested algorithm with
voting classifier and ResNet 50-based feature extraction exhibited notice-
ably improved accuracy, precision, and sensitivity, as demonstrated in
the experiment results. The algorithm used in this study is reliable and
precise for assisting oral pathologysts in the detection of oral cancer.
The classification of biopsy images for OSCC diagnosis described in this
work would therefore assist in the development of a reliable support tool
for pathologists as it serves as an effective and inexpensive model.
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