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Abstract— The term "ovarian cancer” (OC) refers to the most frequent type of gynecological cancer. The female reproductive system would
not function properly without the ovary. Their significance is enhanced by the fact that these small glands produce female sex hormones as well
as female gametes. These almond-shaped glandular organs sit directly on either side of the uterus and are connected to it via the ovarian
ligament; they do not contain any tubes. There are many potential causes of ovarian cancer, but fortunately there are also many potential
methods of diagnosis; one of these is the convolutional neural network. This article summarizes how convolutional neural networks could be
used to classify ovarian cancer tumors and what other treatments are out there for the disease. some machine learning algorithms are used in
ovarian cancer detection, and throughout the course of this research work, we compared some of them. These algorithms include K-Nearest
Neighbors, Support Vector Machine, and Artificial Neural Network. Following a comprehensive analysis of available methods, the Deep
Learning Technique was shown to be the most productive in its detection of ovarian cancer.
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I. INTRODUCTION type can affect one or both ovaries and spread throughout the

Ovarian cancer has many potential side effects on the body. abdomen without ever reaching the abdominal cavity. When

Additionally, it may affect the uterus, the ovaries, and the the cancer spreads to the abdominal organs, as indicated in
fallopian tube because of their proximity to the reproductive Figure 3, the patient's chance of survival reduces to between 17
organs. Ovarian cancer is the worst and most common form of and 39 percent. Distant metastases to the lung, liver, or lymph
gynecological cancer [1]. There have been many significant nodes in the neck reduce survival rates to 11.5% by stage 4.
breakthroughs in cancer research during the past few decades.  Fi9ure 4 depicts this phenomenon.
Ovarian cancer is increasing in frequency, thus many scientists
are investigating it from various perspectives [2]. Techniques
used to detect a cancer's progression before symptoms appear;
they include imaging analysis, machine learning, and
screening. Oncologists are currently working on novel
approaches to early diagnosis and therapy response prediction.
Predicting whether a patient will acquire cancer following Tumour limited to one or both
testing with one of the newest detection technologies is one of
the most challenging questions experts confront today.

Ovarian cancers are the result of abnormal cell growth and

Y
can be either benign or cancerous [3]. A lack of immediate 82 92 0

detection could lead to the cancerous cells or tumors spreading

throughout the ovary and vaginal region, and even beyond into S L

ovaries. Tumour may be found
0n ovarian surface.

the abdominal region and other organs. Ovarian cancer Figure 1.The cancer has not spread beyond the ovaries at
treatment plans must begin with an accurate staging of the this stage [19].
disease.

A woman with ovarian cancer has a maximum five-year
survival rate across the disease's four stages. Stage 1 cancer
patients, as depicted in Fig. 1, had an 82% to 92% chance of
survival. The cancer begins on the surface of the ovary and has
now spread to one or both ovaries. Stage 2 survival rates are
between 51% to 69%, as seen in Fig. 2. Ovarian cancer of this
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Tumour invades one or both
ovaries with extension into the

pelvic region, but without
spread to the abdomen.

51-69%

Figure 2.0varian cancer that has advanced to stage 2 has
spread to the vaginal area. [19]

Tumour extends beyond the
pelvis into the abdominal organs.

17-39%

5-YEAR SURVIVAL RATE

‘ ‘
QT

Figure 3.Cancer had advanced to the stomach area by the
third stage [19].

Distant metastasis to the lung,
liver or lymph nodes in the neck.

11.9%
CFR e

Figure4.When ovarian cancer spreads to the liver or lymph
nodes, it is considered stage 4 [19].
A. Cancer of the ovarian

There are two different types of cancer that can be
identified.

1) Benign Cancers: The ovarian surface epithelium is a
potential site of development for cystadenomas. Adenomas can
be either mucinous or serous. In contrast to mucinous
cystadenomas, which are more likely to contain a fluid
comparable to mucus, serous cystadenomas are bilateral and
contain a fluid that is similar to water. Additionally, ovarian
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germ cells are the source of some teratomas, including mature
cystic teratomas [4]. Dermoid cysts are a type of cystic
teratoma that has reached maturity. Most ovarian tumors’ occur
in young women, and they are characterized by a proliferation
of cells from two or three germ layers, resulting in a
heterogeneous mixture of mature tissue.Benign cancers, also
known as benign tumors or neoplasms, are abnormal growths
of cells that do not invade nearby tissues or spread to other
parts of the body. Unlike malignant cancers, benign tumors
remain localized and do not have the potential to become life-
threatening. These tumors grow slowly and maintain a well-
defined boundary, distinguishing them from their malignant
counterparts.

The cells within benign tumors closely resemble normal
cells and retain some degree of functionality. While they may
display some abnormal features, they do not undergo
uncontrolled growth or division. Benign tumors can occur in
various tissues and organs throughout the body, such as
fibroids in the uterus, lipomas in subcutaneous fat, or adenomas
in glandular tissues. Treatment for benign tumors is typically
not required unless they cause discomfort or affect the normal
functioning of nearby structures. Surgical removal is often the
preferred treatment option, and the chances of recurrence after
removal are minimal. It is important to consult with a
healthcare professional for proper evaluation and management
of any suspected benign tumor.

2) Malignant Cancers: Similar to noncancerous ovarian
cysts, these Cancers have an epithelial origin and are called
serous or mucinous cystadenocarcinomas.Malignant cancers,
also known as malignant tumors or neoplasms, are abnormal
growths of cells that invade nearby tissues and have the
potential to spread to other parts of the body. Unlike benign
tumors, malignant cancers can be life-threatening if not
diagnosed and treated in a timely manner. These tumors grow
rapidly and have the ability to infiltrate surrounding tissues,
leading to destruction and dysfunction of the affected organs.
The cells within malignant tumors often appear highly
abnormal and lack the typical organization seen in healthy
cells. They exhibit uncontrolled growth and division, resulting
in the formation of masses or tumors.

Malignant cancers can originate from various tissues and
organs, including the breast, lung, colon, prostate, and skin,
among others. They can metastasize through the bloodstream
or lymphatic system, allowing cancer cells to establish new
tumors in distant locations. Treatment for malignant cancers
typically involves a combination of approaches, such as
surgery, chemotherapy, radiation therapy, targeted therapy, and
immunotherapy. The prognosis for malignant cancers varies
depending on factors like the type and stage of cancer, the
individual's overall health, and the effectiveness of treatment.
Early detection, prompt diagnosis, and appropriate treatment
are crucial for improving outcomes and increasing the chances
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of survival in individuals with malignant cancers. Regular
screenings and maintaining a healthy lifestyle can help in the
early detection and prevention of certain types of cancer.

B. Ovarian cancer symptoms

When the symptoms of ovarian cancer reveal themselves,
CAD systems can help make a diagnosis. Symptoms include a
dull, painful pain in the lower abdomen near the cyst,
dyspareunia (pain during sexual intercourse), and a feeling of
pressure in the lower abdomen, which can lead to urinary
frequency and vomiting. The other symptom is a painfully
enlarged prostate, which can be a problem when you're trying
to have sex. If the cysts are the result of Polycystic Ovarian
Syndrome [5] the person may also experience menstrual
cramps and a sexual disorder, the latter of which refers to the
growth of abundant hair on the chin, upper lips, chest, and
back.

1. Abdominal or pelvic pain: Persistent pain or
discomfort in the abdomen or pelvis that is not related to
menstruation or other common conditions.

2. Bloating or increased abdominal size: Persistent
bloating, feeling full quickly, or a noticeable increase in
abdominal size that is not due to weight gain.

3. Difficulty eating or feeling full quickly: Sudden
changes in appetite, difficulty eating, or feeling full after
consuming small amounts of food.

4. Urinary symptoms: Increased frequency of urination,
urgency to urinate, or a sense of incomplete emptying of the
bladder.

5. Changes in bowel habits: Constipation, diarrhea, or
other changes in bowel movements that is not typical for you.

6. Fatigue: Persistent or unexplained fatigue that does
not improve with rest.

7. Back pain: Chronic or unexplained pain in the lower
back.

8.  Menstrual changes: Changes in menstrual cycles, such
as irregular periods, heavier or lighter bleeding than usual or
postmenopausal bleeding.

Il. LITERATURE SURVEY

Machine learning's effective approaches to prediction and
categorization have contributed to its rapid growth, and the
field's potential medical applications are massive. Machine
learning approaches and their corresponding solutions for
ovarian cancer detection are discussed in Table 1.

Table 1. Studying the literature on the use of deep learning techniques in ovarian cancer detection and prediction.

S. N. Techniques Solutions
1 Support Vector Forecasting of
Machine[9] Ovarian Cancer
2 K-Nearest Risk factors for
Neighbor[12] ovarian cancer
Incidences and risks
3 K-mean[16] of ovarian cancer
recurrence can be
predicted.
Diagnostics in
4 Neural network [5] Megicine
5 Artificial Neural Risk analysis for
Network [4] ovarian cancer
] Ovarian Cancer
6 Decision tree [12] Risk Assessment
Prediction of
7 Logistic regression [1] | Ovarian Cancer
Recurrence
Extraction of non-
8 Random forest [11] linear features for
ovarian cancer
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A Tree Named Theresa Dency John [5] used ANN to sort out
the many types of ovarian cancer. The analysis of 20 images
revealed a classification accuracy of around 80% for dermoid
cysts and around 70% for follicular cysts. Their parameter
design was conceptually based on the Back Propagation
Algorithm (BPA). MATLAB version 13 was used for this
project.

Fang Liu [6] created a mechanical device that can produce
many fake CT scans (soft tissue, bone, and air) from a single
high-spatial-goals symptomatic quality 3D MR image. After
that, they did a PET/MR imaging evaluation of it. When
compared to conventional methods of MR imaging-based AC,
this deep learning methodology achieved better PET recreation
accuracy than a CT-based mental gold standard.

Zahra Sobhaninia [7] developed a system based on the Link-
Net architecture that she named Multitask deep network
(MTLN) with multi-scale images for the aim of dividing and
analyzing the fetal-head perimeter of 2D ultrasound scans. All
999 images were used to train the network. They presented a
method that centralized an Ellipse Tuner, which requires fully
interconnected systems.

Research by William E. Pierson et al. [8] Both the EOVC tests
(consisting of 26 people) and the coordinated normals (15
participants) underwent exome sequencing. Considering the
correlation between urothelial carcinoma of the endometrium
(UCEC) and high-grade serous ovarian carcinoma (HGSC), a
multi-dimensional relapse classifier was constructed utilising
quality changes, mutational marks, and duplicate number
varieties (CNVs). Molecular diversity and distinct mutational
signatures led them to the conclusion that EOVC represent a
subset of epithelial ovarian tumours.

SerhatKilicarslan [9] proposes a hybrid method that combines
support vector machines (SVM) and convolutional neural
networks (CNN) for data organization with the Relief and
stacking autoencoder techniques for decreasing measurement
noise. We used microarray data pertaining to ovarian cancer,
leukaemia, and the CNS. There are a total of 253 cases in the
ovarian dataset, 15154 qualities across 2 classes, 72 examples
in the leukaemia dataset, 7129 qualities across 2 classes, and
60 examples in the central nervous system dataset, again over
2 classes. Among the methods applied to the three collections
of microarray data, SVM was shown to have the highest
arrangement precision without a reduction in measurement.
For the ovarian dataset, this percentage was 96.14%; for the
leukaemia dataset, it was 94.83%; and for the central nervous
system dataset, it was 65%. The ReliefF plus CNN hybrid
cross-breed strategy outperformed the competition. For
ovarian cancer, leukaemia, and CNS datasets, it provided an
accuracy of arrangement of 98.6%, 99.86%, and 83.95%,
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respectively. Measurement reduction techniques were found to
boost the arrangement precision of the SVM and CNN
algorithms.

The ABC-CNN system was created by Uroosa Shafi [10]. This
technique makes use of MRI scans and can detect cancer at
any stage. Features are extracted using the kernel principal
component analysis algorithm, and classes are assigned using
a convolutional neural network that is trained and then tested.
This procedure is repeated at every stage of cancer. They had
250 pictures of the condition, some of which were cancerous
and some of which were not. Accuracy of 99.1% was the best
that could be achieved. The use of a computer-aided diagnosis
(CAD) system was proposed by U. Rajendra Acharya and
colleagues [11] as a means of detecting ovarian cancer at an
early stage. The non-linear features were randomly
transformed in this method. In order to minimize the amount
of features taken from the acquired image, Relief was used,
and then an ensemble classifier based on fuzzy forests was
performed. They studied 469 people and discovered an
accuracy of 80.60 percent, a specificity of 76.3 percent, and a
sensitivity of 81.4 percent.

Banaei, Nariman, and coauthors [12] used KNN and Decision
Tree classifier, two machine learning algorithms, to enhance
specificity and repeatability in SERS-based liquid biopsy. The
decision tree is the foundation of both of these methods. To
examine the expression shift of 5 protein biomarkers, they
gathered serum samples from patients with ovarian cancer,
pancreatic cancer, and healthy individuals for cancer
diagnosis. Proteins such as MUC4, CA19-9, MMP7, and
mesothelin are used as diagnostic tools. The HE4 gene was
incorporated into the study as well. With a k-value of 5, a
dataset of 200 vectors, and the use of the full spectrum of all
biomarkers for both the test and the training phases, we were
able to achieve a sensitivity of 86%, a specificity of 93%, and
an accuracy of 91%. Contributing to computer-aided design
through spectroscopy. [13] They showed an evaluation of the
effectiveness of various machine learning classifiers applied to
the ovarian cancer dataset. Multi Level Perception was shown
to be the best classifier for ovarian cancer detection after
extensive research was conducted to collect evaluation criteria
such as Sensitivity, Specificity, Errors, and Accuracy.

Denny, Amsy, and associates [14] presented IHOPE as a
means of early detection and prediction of Poly Cystic Ovarian
Syndrome. When compared to other machine learning
classifiers like K-Nearest Neighbor, Classification and
Regression Trees, Support Vector Machine, Naive Base, and
Logistic Regression, the Random Forest Classifier achieved
the highest level of accuracy in disease prediction. There were
541 people whose data was used.

Huang, Shigao, and others [15] assessed the challenges and
prospects of Al-based approaches to cancer and tumour
detection and prognosis. There is no simple way to put to use
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the data gleaned from clinical imaging examinations. Once the
highlights have been extracted from the image data, processing
them is of vital importance. Although the loading coefficient
in brain system models has been validated, defined, and
determined to have a reasonable certainty interim as part of
progressing and supporting innovation, further work is needed
to fully grasp the implications for clinical practice.

Tseng, Chih-Jen, et al. [16] used a wide range of research
methods in their investigation, including SVM, C5.0, ELM,
MARS, and RF. All five of these systems are used in the
suggested method for identifying ovarian cancer. The
proposed approach, dubbed E-C5.0, can achieve the highest
precision levels imaginable. When the recommended scheme's
indicator elements are assessed, it becomes evident that FIGO,
Pathologic M, age, and Pathologic T were significantly linked
to ovarian cancer recurrence.

Wu, Miao, and coworkers [17] used AlexNet-based Deep
Convolutional Neural Networks (DCNN) to automatically
categorize ovarian diseases from cytological pictures. The five
convolutional layers in the deep convolutional neural network
(DCNN) are sandwiched between two full reconnect layers and
three max pooling layers. To get the model ready, we first
collected two sets of input data: original image data and
expanded image data, which included image augmentation and
image rotation. Both of these facts were factored into the
design. The findings of the tests were acquired using a
technique called 10-overlap cross-approval, which made use of
enlarged photographs as a source of preparation information.
According to these findings, the accuracy of order models has
grown from 72.76 to 78.20%. The created method was
effective at identifying and categorizing ovarian tumors’ from
cytological pictures.

The 26-gene panel was used by Yeganeh [18] to characterize
coordinated articulation data from 530 ovarian tissues, and it
was also used as a biomarker set for the development of
artificial intelligence forecasting models. The same research
used both of these sets. Random forest and support vector
machine were found to be superior to other classification
methods for identifying potentially malignant tissues. Accuracy
was evaluated at 89%, sensitivity at 96%, and specificity at
83% in the performance matrices. Table 2 displays the results
of a comparison analysis of various methods for identifying
malignancy in ovarian cancer by using unique sets of
characteristics.

I1l. PROPOSED METHODOLOGY

In this paper, we examine how medical histopathology images
can be used to develop a system for categorizing ovarian
cancer. The procedure is meant to be carried out with the help
of a Deep Learning classifier Convolutional Neural Network
and a multi-network feature extraction model called
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DenseNet-201. Figure 5 is a flowchart summarizing the
research team's methods and is available for review.

Upload the Build the Train the
Dataset model model
Ovarian Cancer Analyse the
Detection by evaluation
DenseNet 201 parameters

Figure 5. Flow chart of proposed methodology for ovarian
cancer detection

This approach aims to leverage the power of deep learning and
image analysis techniques to accurately classify ovarian cancer
cases based on histopathological images. Here is a step-by-
step overview of how the method could be implemented:
1. Data Collection: Gather a dataset of histopathological
images of ovarian cancer cases. Data collection in ovarian
cancer also extends to patient-reported outcomes, including
quality of life, psychological well-being, and treatment-related
side effects. Patient surveys, interviews, and questionnaires are
used to gather this information, providing valuable insights
into the patient experience and informing supportive care
interventions. These images should be annotated or labeled
with their corresponding cancer types (e.g., benign or
malignant).
2. Preprocessing: Preprocess the histopathological images to
enhance their quality and normalize them. Preprocessing in
ovarian cancer refers to the steps involved in preparing and
optimizing raw data before it can be used for analysis,
interpretation, or modeling. Preprocessing is crucial to ensure
the accuracy, reliability, and relevance of the data, thereby
enabling meaningful insights and conclusions to be drawn
from the analysis. This step may involve resizing the images,
applying filters, removing artifacts, and standardizing pixel
intensity values.
3. Feature Extraction: Utilize the DenseNet-201 model as a
feature extraction network. DenseNet-201 is a popular deep
learning architecture known for its ability to extract rich and
informative features from images. To extract useful features
from the preprocessed histopathological photos, use the
DenseNet-201 model that has already been trained on similar
data. These criteria are used to classify ovarian cancer into
their respective subtypes.
4. Feature Concatenation: Combine the extracted features from
DenseNet-201 into a single feature vector. Similarly, in
imaging data, features extracted from various imaging
modalities (such as computed tomography, magnetic
resonance imaging, or ultrasound) can be concatenated to
create a more comprehensive set of features that capture
different aspects of tumor morphology, vascularization, or
tissue composition. This can assist in improving the accuracy
of tumor characterization, staging, or monitoring treatment
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response. This concatenation step aggregates the hierarchical
representations learned by DenseNet-201 into a compact and
informative representation for each input image.

5. Training: Build a CNN classifier that takes the concatenated
feature vector as input and learns to classify ovarian cancer
cases. Convolutional layers, pooling layers, fully-connected
layers, and output layers are all possible components of a CNN
architecture. Optimizing methods such as back propagation
and gradient descent can be used to train the CNN on a labeled
subset of the dataset. The parameters of the network can then
be fine-tuned as a result.

6. Evaluation: Use evaluation criteria such as accuracy,
precision, recall, and F1 score to analyze the trained CNN
model's efficacy. Evaluation in ovarian cancer refers to the
process of assessing the performance, effectiveness, and
impact of diagnostic methods, treatment modalities, prognostic
models, or interventions related to the disease. It plays a
crucial role in determining the accuracy, reliability, and
clinical utility of various approaches and guiding evidence-
based decision-making in the management of ovarian cancer.
Evaluate the model on a separate validation or test dataset that
was not used during training to obtain an unbiased estimation
of its classification performance.

7. Fine-tuning (Optional): Fine-tune the CNN model by further
training it on the entire dataset or by applying transfer learning
from related tasks or larger datasets. This step can help
improve the model's generalization capabilities and robustness.
8. Testing: Deploy the trained CNN model to classify new,
unseen histopathological images of ovarian cancer. Feed the
images through the pre-processing steps, feature extraction
using DenseNet-201, and classification using the CNN. The
model will output predictions indicating the likelihood of each
image belonging to different cancer types.

9. Ilterative Refinement: Analyze the performance of the
method and iteratively refine the model, preprocessing steps,
or feature extraction techniques based on the obtained results.
This iterative process can involve collecting more data, fine-
tuning hyperparameters, or exploring alternative architectures
to improve the classification accuracy.

Following this procedure will allow you to efficiently build a
system for the classification of ovarian cancer based on
medical histology photographs using the strength of the
DenseNet-201 feature extraction model and the deep learning
capabilities of the CNN classifier. By adhering to the
procedures described here, you can achieve your goal.
Hematoxylin and eosin stain, which may be seen in the
medical images of Figure 6, is a common staining method.
Here we see slides of both healthy and malignant ovaries. x40,
x100, x200, and x400 are the four standard photographic print
sizes. The pixel sizes of these photos range from 0.49
micrometers to 0.20 micrometers, then to 0.10 micrometers,
and finally to 0.05 micrometers. A 24-bit True Color space
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was used to create these images. If you don't have enough data
for training and testing your Deep Learning model, it won't
perform as well as it could. The average person spends eight
times as much time training as they do taking exams. To avoid
over fitting, we require access to a large training set of clinical
photos, which is not always possible. For high-level evaluation
metrics like accuracy, precision, recall, etc. to be useful, we
require a sizable training sample of clinical images.
DenseNet201, a model for deep convolutional networks used
for image classification, is therefore applied to this problem.

In order to use the proposed method for the classification of
ovarian cancer, medical images of ovarian slides from both
benign and malignant patients must be H&E stainedimages of
figure 7. Histopathologists frequently utilize the hematoxylin
and eosin (H&E) stain to better examine tissue architecture
and examine microscopic details of cells. Hematoxylin and
eosin are the two dyes that make up this stain.
Histopathological images of ovarian cancer, each depicting a
different case, are collected here. Each picture is given a
diagnosis of benign or malignant based on whether or not it
has characteristics typically associated with cancer.

The images are captured at four different magnification levels
or dimensions: x40, x100, x200, and x400. Each dimension
provides a different level of zoom and captures a specific
amount of tissue area. Choosing a dimension is dependent on
several criteria, including the level of detail desired and the
size of the structures being studied.

Further, the images have certain pixel sizes across all
dimensions, and it is these pixel sizes that determine the level
of spatial resolution. Pixel sizes are 0.49 micrometers, 0.20
micrometers, 0.10 micrometers, and 0.05 micrometers for the
x40, x100, x200, and x400 resolutions, respectively. With
reduced pixel sizes, it's possible to create images with higher
resolution and more nuanced details.

The images are represented in a 24-bit True color space, which
allows for the representation of a wide range of colors and
shades. This color space assigns 24 bits (8 bits per color
channel) to represent the color of each pixel, enabling the
capture of subtle color variations in the tissue samples.

By utilizing these H&E stained medical images of ovarian
slides, the proposed method aims to extract meaningful
features using the DenseNet-201 model and classify the
ovarian cancer cases using a Convolutional Neural Network
(CNN). This approach leverages the distinctive characteristics
and visual patterns captured in the histopathological images to
improve the accuracy of ovarian cancer classification.
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Figure 7. comparisons between Benign and Malignant tumors

Figure 8 depicts a trained CNN classifier's framework.
DenseNet and ResNet models provide the basis for this
approach by allowing features to be extracted from both
models and then linked to one another in a deeper layer.
Accordingly, CNN is used to draw conclusions about the
character, and as a result, the model can tell if the histological
scans of a patient are benign or malignant.

DenseNet and ResNet are deep learning architectures known
for their effectiveness in capturing rich and informative
features from images. These models consist of multiple layers
with skip connections that facilitate the flow of information
across different depths of the network.

In the proposed framework, the pre-trained DenseNet or
ResNet model is utilized as a feature extraction backbone. The
model is typically initialized with weights pre-trained on
large-scale image datasets, enabling it to learn hierarchical
representations from various image features.

The feature extraction process involves passing the
histopathological images through the layers of the DenseNet
or ResNet model. As the input progresses deeper into the
network, multiple feature maps are generated, capturing
increasingly abstract and discriminative information about the
image content.

To exploit the complementary strengths of DenseNet and
ResNet, their features can be combined using techniques such
as feature concatenation or feature fusion. This fusion can be
achieved by linking the feature maps of corresponding layers
from both architectures. By connecting these layers, the
network can benefit from the diverse representations learned
by each model, enhancing its ability to capture different
aspects of the input images.
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Following the fusion of features, additional layers can be
added to the network for classification. Each of these layers
can be set up in a variety of ways, including as a completely
interconnected group, as a group that shares data, or as an
output layer. The network is trained with the use of tagged
data by employing optimization techniques like back
propagation and gradient descent. This enables the network's
parameters to be tweaked, hence improving the network's
efficiency.

The resulting trained CNN classifier combines the feature
extraction capabilities of DenseNet or ResNet with additional
layers for classification. By integrating the features from these
architectures, the network can effectively leverage the
strengths of both models, potentially improving the
classification accuracy for ovarian cancer cases based on the
histopathological images.

It's important to note that the specific details and architecture
of the trained CNN classifier, such as the number of layers,
hyperparameters, and any additional modifications, would
depend on the specific implementation and experimental
design.

Convolution

Fully
Connected

Pooling

Input Output

O

O

(&,
0¥

Feature Extraction Classification

Figure 8. Architecture of Deep Neural Network Framework

IV. CONCLUSION AND FUTURE WORK

In order to reduce maternal and infant mortality rates, it is
important to detect ovarian cancer tumors’ at an earlier age.
Women with ovarian cancer have very low survival rates and
often struggle to maintain a reasonable quality of life after
receiving a diagnosis. Ovary removal may be an option for
treatment if this illness is detected at a young age. In due time,
the body will generate a new ovary to take its place. Many
types of medical imaging modalities, including ultrasound,
MRI, and CT scans, have benefited from the use of deep
learning algorithms like convolutional neural networks (CNNs)
and recurrent neural networks (RNNs). Since then, diagnostic
precision has increased as a result. These models outperform
traditional machine learning techniques, allowing for more
precise and earlier diagnosis of ovarian cancer. When it comes
to protecting yourself during an ultrasound for the diagnosis of
ovarian cancers, you have two options: liquid and mass. In
order to keep themselves safe and lower their risk of getting a
tumor, those with a family history of ovarian cancer should get
checked often. Ovarian cancer is possible for anyone to
develop due to the presence of several risk factors. ResNet-50
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and DenseNet-201 are two of many models that can detect
features in images for classification, however they are now held
in highest regard. This has resulted from studies classifying
ovarian cancer using convolutional neural networks for the
identification of malignancy. Using performance evaluations
like as accuracy, recall, AUC-ROC, and F1-score, these models
can distinguish between benign and cancerous images and
generate predictions about the labels. In the future, photographs
of all quality levels will be used for classification purposes in
order to aid in the early identification of cancer. This includes
those that are in focus, out of focus, hazy, and blurry.

Future works based on this review will use H. E. stained
images from the PLCO (Prostate, Lung, Colorectal, and
Ovarian) dataset to develop a technique for the categorization
of ovarian cancer. To get the best results, we'll be using deep
convolutional neural networking, which makes use of
frameworks like DenseNet and ResNet to create a model that
also takes into account photos captured in real time. The
primary goal of the research is to ascertain whether or not a
cloudy or blurry image of an ovarian cancer indicates that the
tumor is malignant. In the fight against ovarian cancer, deep
learning may play a crucial role in facilitating earlier diagnoses.
Better health outcomes and more individualized care would
follow from this. Deep learning has the potential to fill this
need if these research gaps are filled.
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