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Abstract—Early detection of oral cancer by histopathological
analysis, involves examining tissue samples under a microscope
and enchancing treatment results. However, manual inspection
is time-consuming and often differs between pathologists. In
this work, we have investigated the potential of deep learning,
namely convolutional neural networks (CNNs), to help us and
researchers automate the identification of malignant patterns
in oral tissue histopathology images. Implementing floating
point operations per second (FLOPs) as a parameter, we have
compared the accuracy and computational requirements of a
number of popular CNN architectures, including MobileNetV2,
DenseNet, Xception, Inception, VGG19, and ResNet. Due to its
lightweight design, MobileNetV2 has been the most efficient
of all and achieved the maximum accuracy of 87%. With an
accuracy of 83%, DenseNet performed commendably, due to its
robust gradient flow and feature reuse capabilities. VGG19 and
ResNet were comparatively behind the former, while Xception
and Inception exhibited marginally inferior performance than
envisioned. Our observations have also shown that, in certain
specialized tasks, such as oral cancer diagnosis, well-optimized
models may outperform more sophisticated ones. According to
our results and inferences, effective CNNs like MobileNetV2 have
great potential for application in clinical contexts and in the
medical field, where accuracy and speed are crucial.

Index Terms—Oral Cancer, Histopathological Image Classifi-
cation, Convolutional Neural Networks, Deep Learning Architec-
tures, MobileNetV2, DenseNet, Computational Complexity, Med-
ical Image Analysis, Automated Diagnosis, Machine Learning in
Pathology.

I. INTRODUCTION

Histopathology images are an important diagnostic tool in
oncology, particularly in the detection and treatment of cancer.
Cancer detection requires the examination of tissue samples
under a microscope to identify abnormal cell structures and
behaviors. This procedure is of great importance as it reveals
significant information regarding the morphology of tissues,
allowing medical professionals to properly diagnose cancer.
The significance of histopathologic examination is that it
can guide treatment selection and predict patient outcomes
[4]. Pathologists can ascertain the aggressiveness and type
of cancer by examining tissue samples, which guides the
selection of treatment modalities. Additionally, histopathologic
examination identifies suspected biomarkers for cancer and
advances the development of tailored therapy. Recent research
has proved the value of histopathology image study in enhanc-
ing cancer diagnosis and treatment. Several studies established
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that artificial intelligence (Al)-based practices can process
tissue samples more effectively and with greater precision than
human pathologists, that set the stage for the success of more
effective tools for the diagnosis of cancer. As the current trend
indicates, the analysis of histopathology images is increasingly
using Al and machine learning (ML) to enhance diagnostic ac-
curacy and efficacy. The use of deep learning (DL) techniques,
specifically convolutional neural networks (CNNs), has been
promising in the examination of tissue samples. The recent
advent of digital pathology platforms has made tissue samples
more efficient and collaborative to share and analyze. Several
databases are being used to study histopathology images,
including the Cancer Genome Atlas (TCGA) and the National
Cancer Institute’s (NCI) Clinical Proteomic Tumor Analysis
Consortium (CPTAC) [14], etc. These databases provide a
wealth of information on cancer genomics, proteomics, and
histopathology, facilitating the development of more effective
cancer diagnostic and therapeutic strategies.

Some articles provide a vivid idea about the recent studies
in this field. The diagnosis of oral squamous cell carcinoma
(OSCC) has been enhanced through deep learning (DL) frame-
works, reaching accuracy levels between 92% and 96%. [13].
A study utilized the VGGNet architecture, a paradigm for
image classification due to its depth and simplicity [11].
Additionally, the DenseNet design enhances feature reuse
and gradient flow, leading to efficient training and superior
performance on medical image analysis. These architectures
demonstrate potential for accurate OSCC diagnosis.

Hence, it is understandable that histopathology image anal-
ysis is a pivotal step in cancer detection and treatment, provid-
ing the required information on tissue structure to single out
malignant cells. However, manual expounding of histopathol-
ogy image analysis could be tedious with a lot of inaccuracies,
highlighting the need for automated cancer detection meth-
ods. Our research is committed to evaluate the efficiency of
various DL models for the detection of histopathologic oral
cancer by conducting a comparative analysis. [1]. Six archi-
tectures, namely VGG19, DenseNet,MobileNetV2,ResNet50,
InceptionV3, and Xception—widely recognized for their effi-
ciency across various computer vision tasks, especially in the
domain of medical image analysis, are the cynosure of atten-
tion in this experiment [12]. In order to determine the most
efficient model in identifying oral cancer from histopathology
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images, we have assessed the accuracy of many models in this
study. Beyond our research, this approach has got the potential
of revolutionizing automated diagnostic systems and improve
the speed and accuracy of cancer detection in clinics. We have
employed a sizable and detailed dataset with 5192 images that
includes 2 classes- Normal and OSCC, with 4946 images for
training, 120 for validation and 126 for testing. The main
objective of each models’ rigorous training and testing was
to determine the efficiency in distinguishing between benign
and cancerous tissue in an image.

The paper is assembled as follows: Section II demonstrates
the methodology with details about the CNN models and
dataset specifics, Section Il reviews the results and analyse
the metrics presented by the models and lastly Section IV
concludes the work along with future scope of this research.

II. METHODOLOGY

In our work, we have implemented various established CNN
architectures. Framework of the models have been discussed
in details.

A. MobileNet

MobileNet is particularly perfect for resource-limited ap-
plications, as it extracts features effectively at the same time
as decreasing computation power through separable convolu-
tions(depthwise) [9]. By decoupling circulate-channel filtering
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Fig. 1: MobileNet

from spatial filtering, MobileNet effectively establishes a bal-
ance between version size and latency, turning in the highest
quality overall performance in the limits. The architecture of
MobileNet is depicted in Fig. 1.

B. VGGI9

VGG19 is a 19-layer deep convolutional neural network
architecture consisting of 16 convolutional layers and 3 fully
connected (FC) layers [5]. It is a longer variant of the previous
VGG19 model, aimed at further improving performance by in-
cluding more convolutional layers with the same architectural
concepts as depicted in Fig. 2. The architecture employs 3x3
convolutional filters, that are well suited to extract fine spatial
details from images. 2x2 max pooling layers are employed
to shrink the spatial dimensions but preserve the important
features. These small receptive fields as well as repeating layer
structure yield a uniform and deep network that are both strong
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Fig. 2: VGG19 Architecture

and beautiful [10]. VGG19, trained on the ImageNet dataset,
obtained a top-5 classification accuracy of 92.9%, which at the
time of its release made it one of the most accurate models
for many image classification tasks. The deep structure of
the model enables it to learn intricate representations and
nuanced features in image data, which is especially helpful
for applications like object recognition, medical imaging, and
histopathological analysis.

C. ResNet-50

One of the deeper CNN structures is ResNet-50. Its 50
layers include convolutional and FC layers as shown in Fig. 3.
Residual connections are utilized by ResNet-50 to help train
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Fig. 3: ResNet 50 Architecture

the model and provide higher accuracy. It achieved 92.9% top-
5 accuracy and 76.1% top-1 accuracy on the ImageNet dataset.
Due to its high accuracy and performance, ResNet-50 is
commonly implemented for tasks, such as object recognition,
image classification, and segmentation.

D. Xception

Xception is another deep CNN architecture as depicted in
Fig.4. Depthwise separable convolutions are used to reduce
the computational cost. It achieved 79.0% top-1 accuracy and
94.5% top-5 accuracy on the ImageNet dataset. It is well
known for its exceptional accuracy and efficiency in picture
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Fig. 4: XceptionNet Architecture

categorization tasks. Xception is widely used in computer
vision applications.

E. DenseNet-201

A 201-layer deep CNN architecture is called DenseNet-
201 [7]. Dense connections improve feature reuse and reduce
parameters. DenseNet-201 achieved 77.3% top-1 accuracy
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Fig. 5: Densenet 201 Architecture

and 93.6% top-5 accuracy using the ImageNet dataset. It is
well known for its exceptional accuracy and efficiency in
picture categorization tasks. DenseNet-201 as shown in Fig.5,
is frequently used in computer vision applications.

F. Inception v3

Inception v3 is a deep CNN architecture with 22 layers [3].
It uses inception modules to improve feature extraction and
reduce parameters. Inception v3 achieved 80.2% top-1 accu-
racy and 95.1% top-5 accuracy on ImageNet. It is known for
its high accuracy and efficiency in image classification tasks.
Inception v3 is widely used in computer vision applications.

G. Dataset

Selecting an appropriate dataset is critical in ML ap-
plications, particularly for scientific image analysis. The
Histopathological Imaging Database for Oral Cancer Anal-
ysis is a curated collection of high-resolution microscopic
images designed to support research in the early detection

i
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Fig. 6: InceptionNet Architecture

and classification of OSCC [8]. Developed to aid DL and
ML applications in digital pathology, the dataset comprises
1224 hematoxylin and eosin (H&E) stained images obtained
from biopsy samples collected from 230 patients at Ayursundra
Healthcare Pvt. Ltd. and Dr. B. Borooah Cancer Institute
(BBCI) in Guwabhati, India. The dataset includes images at
two magnification levels—100x and 400x—captured using a
Leica ICC50 HD microscope. Specifically, it contains 290
images of normal oral epithelium and 934 images of OSCC,
offering a balanced distribution for binary classification tasks.
The availability of different magnifications makes it ideal for
multi-scale analysis, allowing researchers to explore tissue-
level patterns and cellular structures with greater flexibility.

(a) Normal Cell (b) Oral squamous Cell

Fig. 7: Distinction Between Different Cells

The images are thoroughly annotated by medical experts to
ensure clinical accuracy, making the dataset reliable for both
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TABLE I: Performance Comparison between various Models

Model Time Complexity (FLOPs) | Layers | Accuracy on Medical Images | Year of Release One-Line Comment
VGG19 ~19.6B FLOPs 19 Moderate 2014 Slightly deeper than VGG16
ResNet-50 ~3.8B FLOPs 50 High 2015 Robust residual learning
Inception ~6.0B FLOPs 48 Very High 2016 Dense connectivity excels in feature reuse
Xception ~8.0B FLOPs 71 High 2017 Depthwise separable
DenseNet-201 ~20.0B FLOPs 201 Very High 2017 Dense connectivity excels in feature reuse
MobileNet v2 ~0.3B FLOPs 53 Moderate 2018 Lightweight and efficient

academic research and practical model development. As CNN
models are used for study of accuracy, we have augmented
the images to increase the image count. Creation of additional
images has been performed in order to increase the images
used for training and obtain better results. The augmentation
operation like rotation, width shift, brightness and contrast
adjustments and 90-degree turns have been performed for
augmentation. The dataset now has upgraded to 4946 images
for training, 120 for validation and 126 for testing. Few sample
of the dataset are provided in Fig. 7.

III. RESULTS AND ANALYSIS

This article summarizes the investigative study that analyzes
the performance of a number of CNN models architectures
for the purpose of classifying cancerous patterns from images
obtained through histopathological examinations. The main
focus of this research is to evaluate and benchmark the
effectiveness of these models regarding imaging processes in
medicine, particularly those concerned with detecting cancer.
This study aims at assessing the classification accuracy of
each architecture along with the models, complexities, in-
cluding computational, layer depth, release year, and overall
histopathological appropriateness. These factors are highly
essential in model selection for actual healthcare situations
because they require high levels of accuracy and operational
efficiency.

As a reference, the study includes Table I, capturing the
essential details pertaining to the performance of each ar-
chitecture in relation to their diagnosed accuracy and the
sophistication of the model used. This comparison of CNN
models sharpened the focus for critical users in need of
a model tailored for cancer detection via histopathological
imagery, including advanced medical imaging procedures, DL
applications, and other pertinent domains.

TABLE II: Metric Comparison

MODEL Accuracy | Precision | Recall
MobileNetV?2 87 % 0.86 0.79
DenseNet 83% 0.77 0.75
Xecption 82% 0.76 0.74
Inception 79% 0.72 0.62
VGG19 77% 0.71 0.77
ResNet 75% 0.38 0.5

While evaluating the six well-known CNN models, Mo-
bileNetV2 provided best results. It produced 87% accuracy
in detecting cancer patterns in tissue images. Even though
MobileNetV2 is the simplest in terms of FLOPs, this model
performed better than other models that need more computing

power. It uses special convolutions to compute faster and with
accuracy, that makes it great for medical imaging where quick
results are needed. As expected, DenseNet, turned out to be
effective in obtaining the second-best accuracy out of all the
models we tested. Even though DenseNet needs the most
computing power, because it has so many layers and numbers
to crunch how well it works makes up for how much it needs
to run. The model makes good use of reusing features and
moving information, which helps in distinguishing tiny details
in pictures of tissue samples. Their accuracy scores as shown
in Table II, strengthens their position as benchmark CNN mod-
els for histopathological cancer detection, offering a strong
foundation for further research and practical implementations
in the field of medical image analysis.

Models such as Xception and Inception also delivered
commendable results, with accuracies of 82% and 79%, re-
spectively. Their architecture designs—focusing on multi-scale
feature extraction through depthwise separable convolutions
(Xception) and inception modules (Inception)—make them
well-suited for heterogeneous medical images where visual
cues exist at varying scales.

In contrast, VGG19 and ResNet, despite their historical
success in various computer vision benchmarks, lagged behind
in this specific application, achieving 77% and 75% accuracy,
respectively. These relatively lower scores may stem from
their deeper, more traditional architectures, which could lead
to overfitting or insufficient adaptability to the subtle and
complex features present in histopathological data. Observing
the average precision and recall value we find almost the same
pattern repeated as we see in accuracy. MobilenetV2 emerges
victorious with the highest precision and recall values followed
by Densenet and the rest.

The training and validation loss curves for the models being
evaluated are shown in Fig. 8. In all graphs, MobileNetV2’s
performance is particularly noteworthy, displaying a consis-
tently steady and smooth loss progression as shown in Fig. 8b.
MobileNetV2 maintains a balanced trajectory where training
and validation losses converge efficiently, in contrast to other
models that might show notable fluctuations or overfitting
tendencies.

MobileNetV2 exhibits a dependable learning pattern as the
number of epochs rises; its validation loss stabilizes without
exhibiting unpredictable behavior, suggesting that the model
is neither underfitting nor overfitting. This stability at later
training stages indicates that MobileNetV2 is successfully
identifying the underlying patterns in the data and is gen-
eralizing well to validation samples that have not yet been
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seen. Overall, the graphs affirm that MobileNetV2 is a well-
suited architecture for our task, yielding dependable and robust
performance throughout training. Overall, the results highlight
a crucial insight: deeper or more complex models do not
always guarantee superior performance, especially in domains
where the dataset is domain-specific and rich in fine-grained
visual detail. Lightweight architectures like MobileNetV2 of-
fer a compelling balance between computational efficiency and
diagnostic accuracy, making them particularly well-suited for
deployment in clinical and resource-constrained settings.

IV. CONCLUSION

The primary goal of this study was to investigate the
effectiveness of Convolutional Neural Networks (CNNs) in
classifying histopathological images, especially when it comes
to cancer detection. Six well-known and benchmark CNN
architectures—MobileNetV2, DenseNet, VGG19, Inception,
Xception, and ResNet—all of which have been widely used
for both medical and non-medical image classification tasks,
were used in our comparative analysis to accomplish this.

For researchers commencing studies in the field of
histopathological image analysis, this article is a fundamental
resource. We offer a transparent performance baseline by using
well-known benchmark models, emphasizing the accuracy,
computational complexity (FLOPs), and year of launch of
each model. This paper provides an improved understanding of

the performance of state-of-the-art models for medical images
and paves the way for future models. Among the models
evaluated, MobileNetV2 was the most efficient, achieving the
best accuracy with a small network. DenseNet also achieved
good score for its price: expensive to compute but with
excellent classification output. These results emphasize that
both light and deep networks have their related benefits based
on the application reference [2].

In future scope, customized models can be developed, which
are adapted to hyperparameter attitude, architectural opti-
mization and especially histopathological data [6]. Additional
assessment measurements such as accuracy, recall, F1 score
and AUC will also increase the strength of model verification.
Training models on large data sets and computer text and
clothing methods are likely to give rise to more accurate and
reliable clinical equipment.
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