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Abstract 

Ovarian cancer remains one of the most lethal gynecological 
malignancies due to its asymptomatic progression in early stages and 
frequent late diagnosis, which significantly reduces survival rates. 
Recent advancements in medical imaging and artificial intelligence have 
facilitated the development of automated systems for early detection 
and accurate classification of ovarian cancer. Deep learning techniques, 
particularly convolutional neural networks, have shown remarkable 
potential in enhancing diagnostic performance through effective 
segmentation and classification of histopathological and radiological 
images. This review highlights advanced architectures such as 
EfficientNetB0, Feature Pyramid Networks, and causal dilated 
convolutional neural networks for ovarian cancer detection. 
EfficientNetB0 is recognized for its ability to extract rich features with 
lower computational cost, making it suitable for complex medical 
imaging tasks. Feature Pyramid Networks improve segmentation 
accuracy by integrating multi-scale feature representations, enabling 
precise localization of tumor regions. Causal dilated convolutional 
networks enhance contextual understanding by capturing long-range 
spatial dependencies without increasing computational burden. The 
integration of these models forms a hybrid framework capable of 
performing both segmentation and classification efficiently. 
Comparative analysis indicates that such hybrid approaches outperform 
traditional methods in accuracy and efficiency, although challenges like 
limited annotated data, model interpretability, and computational 
demands persist, highlighting the need for further research in 
explainable and efficient AI systems. 

 
 
Introduction  
Ovarian cancer is recognized as one of the most 
aggressive and life-threatening gynecological 
malignancies, contributing significantly to 
cancer-related mortality among women 
worldwide. One of the primary reasons for the 
high mortality rate is the absence of noticeable 

symptoms during the early stages of the disease, 
leading to delayed diagnosis. Most patients are 
diagnosed at advanced stages, where treatment 
options become limited and less effective. 
Therefore, early detection and accurate diagnosis 
are critical for improving survival rates and 
enhancing treatment outcomes. Conventional 
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diagnostic techniques such as ultrasound 
imaging, computed tomography (CT), magnetic 
resonance imaging (MRI), and histopathological 
examination are widely used; however, these 
methods heavily depend on expert interpretation 
and are often associated with variability, 
subjectivity, and diagnostic delays. 
In recent years, the rapid advancement of 
artificial intelligence (AI) and deep learning has 
transformed the field of medical image analysis, 
providing powerful tools for automated disease 
detection and diagnosis. Deep learning models, 
particularly convolutional neural networks 
(CNNs), have demonstrated exceptional 
capabilities in extracting complex and 
hierarchical features from medical images. Unlike 
traditional machine learning methods that rely 
on handcrafted features, deep learning models 
automatically learn feature representations from 
raw data, enabling improved accuracy and 
robustness in medical imaging tasks. These 
capabilities have made deep learning an essential 
component in modern healthcare systems, 
particularly for cancer detection and 
classification. 
Semantic segmentation and classification are two 
fundamental tasks in medical image analysis that 
play a crucial role in ovarian cancer detection. 
Semantic segmentation involves pixel-level 
classification of images to identify and delineate 
tumor regions, enabling precise localization of 
cancerous tissues. This is essential for treatment 
planning, tumor staging, and monitoring disease 
progression. On the other hand, classification 
focuses on categorizing detected regions into 
different classes, such as benign or malignant 
tumors, or identifying specific cancer subtypes. 
The integration of segmentation and 
classification provides a comprehensive 
diagnostic framework that enhances both 
detection accuracy and clinical decision-making. 
Among the various deep learning architectures, 
EfficientNetB0 has emerged as a highly efficient 
and effective model for feature extraction and 
classification tasks. It utilizes a compound scaling 
approach that optimizes network depth, width, 
and resolution simultaneously, resulting in 
improved performance with reduced 
computational complexity. This makes 
EfficientNetB0 particularly suitable for medical 
imaging applications, where computational 
efficiency and accuracy are equally important. 
EfficientNet-based models have demonstrated 
superior performance in capturing fine-grained 
features from medical images, enabling accurate 
tumor classification and subtype identification. 
Feature Pyramid Networks (FPN) further 
enhance the capabilities of deep learning models 
by enabling multi-scale feature extraction. 

Medical images often contain tumors of varying 
sizes, shapes, and textures, making it challenging 
for conventional CNNs to detect them accurately. 
FPN addresses this limitation by combining 
features from different layers of the network, 
integrating low-level spatial details with high-
level semantic information. This multi-scale 
feature representation significantly improves 
segmentation performance, allowing for accurate 
detection of both small and large tumor regions. 
In addition to EfficientNet and FPN, causal dilated 
convolutional neural networks (CDCNNs) play a 
crucial role in improving contextual 
understanding in medical image analysis. Dilated 
convolutions expand the receptive field of 
convolutional layers without increasing the 
number of parameters, enabling the model to 
capture long-range spatial dependencies. This is 
particularly important in ovarian cancer 
detection, where tumor structures may be 
irregular and spread across larger regions of the 
image. CDCNNs enhance the ability of deep 
learning models to analyze complex spatial 
relationships, leading to improved segmentation 
and classification accuracy. 
Recent research has increasingly focused on 
hybrid deep learning architectures that integrate 
EfficientNetB0, FPN, and CDCNNs into a unified 
framework. These hybrid models leverage the 
strengths of each component, combining efficient 
feature extraction, multi-scale representation, 
and contextual learning. Such integrated 
approaches have demonstrated superior 
performance compared to standalone models, 
achieving higher accuracy, sensitivity, and 
robustness in ovarian cancer detection. 
Despite these advancements, several challenges 
remain in the practical implementation of deep 
learning-based diagnostic systems. These include 
limited availability of annotated medical 
datasets, high computational requirements, lack 
of model interpretability, and generalization 
issues across diverse datasets. Addressing these 
challenges is essential for ensuring the reliability 
and clinical applicability of AI-based systems. 
This review aims to provide a comprehensive 
analysis of deep learning and optimization 
approaches for ovarian cancer detection, 
focusing on semantic segmentation and 
classification using EfficientNetB0, Feature 
Pyramid Networks, and causal dilated 
convolutional neural networks. By examining 
recent developments and comparing various 
architectures, this study highlights key 
advancements, identifies research gaps, and 
outlines future directions for improving AI-based 
diagnostic systems in healthcare. 
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Literature Review  
The application of deep learning techniques in 
medical image analysis has significantly 
advanced ovarian cancer detection over the past 
decade. Between 2020 and 2023, numerous 
studies have explored various convolutional 
neural network (CNN) architectures, hybrid 
models, and optimization techniques to improve 
the accuracy of semantic segmentation and 
classification in ovarian cancer diagnosis. This 
section provides a detailed analysis of these 
developments, focusing on EfficientNet-based 
architectures, Feature Pyramid Networks (FPN), 
and causal dilated convolutional neural networks 
(CDCNNs). 
1. Deep Learning in Ovarian Cancer Detection 
Deep learning has emerged as a powerful tool in 
medical imaging due to its ability to 
automatically extract hierarchical features from 
complex datasets. Traditional machine learning 
approaches relied on handcrafted features, which 
limited their ability to capture intricate patterns 
in medical images. In contrast, deep learning 
models can learn feature representations directly 
from raw data, leading to improved diagnostic 
performance. 
Zhou et al. (2020) demonstrated that AI-based 
models could significantly enhance the detection 
of ovarian diseases by analyzing ultrasound 
images. Their study showed that CNN-based 
approaches outperform traditional image 
processing methods in terms of accuracy and 
robustness. Similarly, Jung et al. (2022) applied 
deep convolutional neural networks for ovarian 
tumor classification, achieving high accuracy in 
distinguishing between benign and malignant 
tumors. 
Hira et al. (2023) conducted a systematic review 
highlighting the effectiveness of deep learning 
models in ovarian cancer detection. The study 
emphasized that CNN-based models, particularly 
those incorporating transfer learning, have 
achieved state-of-the-art performance in 
classification tasks. 
2. EfficientNet Architectures for Feature 
Extraction 
EfficientNet has gained significant attention in 
recent years due to its ability to achieve high 
accuracy with fewer parameters. Tan and Le 
(2020) introduced EfficientNet, which uses a 
compound scaling method to balance network 
depth, width, and resolution. This approach 
allows EfficientNet models to outperform 
traditional CNN architectures such as ResNet and 
VGG while maintaining computational efficiency. 
EfficientNetB0, the baseline model, has been 
widely used in medical imaging applications. 
Behera et al. (2024) applied EfficientNetB0 for 
ovarian cancer subtype classification and 

demonstrated its effectiveness in extracting 
discriminative features from histopathological 
images. The study showed that EfficientNetB0 
achieved higher accuracy compared to 
conventional CNN models. 
Reddy et al. (2023) further enhanced 
EfficientNet-based models by integrating 
attention mechanisms, which improved the 
model’s ability to focus on relevant regions in 
medical images. These models achieved 
significant improvements in classification 
accuracy and sensitivity. 
The use of EfficientNet in medical imaging is 
particularly advantageous due to its lightweight 
architecture, making it suitable for real-time 
clinical applications. However, EfficientNet 
models may require fine-tuning to adapt to 
specific datasets, especially in cases where data 
availability is limited. 
3. Semantic Segmentation Using CNN-Based 
Models 
Semantic segmentation plays a crucial role in 
identifying tumor regions in medical images. 
Accurate segmentation enables precise 
localization of cancerous tissues, which is 
essential for diagnosis and treatment planning. 
Traditional segmentation methods relied on 
thresholding and edge detection techniques, 
which were limited in their ability to handle 
complex medical images. Deep learning-based 
segmentation models, such as U-Net and its 
variants, have significantly improved 
segmentation performance. 
Hema et al. (2022) proposed a region-based 
segmentation approach using CNNs for ovarian 
cancer detection. Their model demonstrated 
improved accuracy in identifying tumor 
boundaries compared to traditional methods. 
Similarly, Hussain et al. (2021) developed a deep 
learning-based segmentation model that 
achieved high accuracy in medical image 
segmentation tasks. 
Recent studies have explored the integration of 
EfficientNet with segmentation models to 
improve performance. By using EfficientNet as 
the encoder in segmentation architectures, 
researchers have achieved better feature 
extraction and segmentation accuracy. 
4. Feature Pyramid Networks (FPN) for Multi-
Scale Feature Extraction 
Medical images often contain structures of 
varying sizes, making it challenging for 
traditional CNNs to accurately detect tumors. 
Feature Pyramid Networks (FPN) address this 
issue by combining features from different layers 
of the network, enabling multi-scale feature 
representation. 
FPN enhances segmentation performance by 
integrating high-level semantic features with 
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low-level spatial features. This approach allows 
the model to detect both small and large tumor 
regions effectively. 
Studies have shown that integrating FPN with 
CNN architectures improves segmentation 
accuracy in medical imaging applications. FPN-
based models are particularly effective in 
detecting small lesions, which are often missed 
by traditional models. 
In ovarian cancer detection, FPN plays a critical 
role in improving tumor localization. By 
combining features from multiple scales, FPN-
based models provide more accurate 
segmentation results, leading to better diagnostic 
outcomes. 
5. Causal Dilated Convolutional Neural Networks 
(CDCNNs) 
Causal dilated convolutional neural networks 
(CDCNNs) have been introduced to improve the 
receptive field of CNN models without increasing 
computational complexity. Dilated convolutions 
allow the model to capture long-range 
dependencies by skipping certain input values 
during convolution operations. 
CDCNNs are particularly useful in medical image 
analysis, where spatial context plays a crucial role 
in identifying disease patterns. By increasing the 
receptive field, CDCNNs enable the model to 
capture global information while preserving local 
details. 
Recent studies have demonstrated the 
effectiveness of dilated convolutional networks 
in medical imaging tasks. These models improve 
segmentation accuracy by capturing contextual 
information that is often missed by traditional 
CNNs. 
When combined with EfficientNet and FPN, 
CDCNNs enhance the overall performance of 
deep learning models in ovarian cancer 
detection. The integration of these architectures 
enables the model to capture both local and 
global features, improving classification and 
segmentation accuracy. 
6. Hybrid Deep Learning Models 
Hybrid models combining multiple deep learning 
architectures have gained popularity in recent 
years. These models leverage the strengths of 
different architectures to improve performance. 
For example, CNN-RNN hybrid models have been 
used to capture both spatial and temporal 
features in medical data. Similarly, attention-
based models have been developed to improve 
model interpretability by focusing on relevant 
regions in medical images. 
Reddy et al. (2023) demonstrated that 
integrating attention mechanisms with 
EfficientNet improves classification 
performance. These models achieve higher 

accuracy by emphasizing important features and 
reducing noise. 
Hybrid models combining EfficientNet, FPN, and 
CDCNN represent a promising approach for 
ovarian cancer detection. These models integrate 
multi-scale feature extraction, contextual 
understanding, and efficient feature 
representation, leading to improved diagnostic 
accuracy. 
7. Optimization Techniques in Deep Learning 
Optimization plays a critical role in improving the 
performance of deep learning models. 
Techniques such as stochastic gradient descent 
(SGD), Adam optimizer, and learning rate 
scheduling have been widely used to train deep 
learning models. 
Kingma and Ba (2017) introduced the Adam 
optimizer, which has become one of the most 
popular optimization algorithms in deep 
learning. Adam combines the advantages of 
adaptive learning rates and momentum, enabling 
faster convergence and improved performance. 
Recent studies have also explored advanced 
optimization techniques such as hyperparameter 
tuning, data augmentation, and transfer learning. 
These techniques improve model generalization 
and reduce overfitting. 
Transfer learning is particularly useful in medical 
imaging, where labeled data is often limited. By 
leveraging pre-trained models, researchers can 
achieve high accuracy with smaller datasets. 
8. Challenges in Deep Learning-Based Ovarian 
Cancer Detection 
Despite significant advancements, several 
challenges continue to hinder the effective 
application of deep learning in ovarian cancer 
detection. One of the primary concerns is the 
limited availability of medical datasets, which are 
often small in size and highly imbalanced. This 
limitation negatively impacts model training, 
leading to biased predictions and reduced overall 
performance. Additionally, model 
interpretability remains a critical issue, as deep 
learning systems are frequently regarded as 
“black boxes,” making it difficult for clinicians to 
understand and trust the decision-making 
process. Another major challenge is 
computational complexity, as advanced deep 
learning architectures require substantial 
processing power, memory, and time for training 
and deployment, which may not be feasible in all 
healthcare settings. Furthermore, generalization 
issues arise when models trained on specific 
datasets fail to perform effectively on unseen or 
diverse clinical data, limiting their real-world 
applicability. Therefore, addressing these 
challenges is essential to ensure the reliable and 
widespread adoption of AI-based diagnostic 
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systems in clinical practice.9. Research Gaps and 
Future Directions 
The literature highlights several important 
research gaps in the domain of deep learning-
based ovarian cancer detection. One of the key 
gaps is the limited exploration and application of 
advanced architectures such as Siamese 
Heterogeneous Convolutional Neural Networks 
(SHCNN) and Causal Dilated Convolutional 
Neural Networks (CDCNN), which have the 
potential to significantly improve feature 
learning and contextual understanding. 
Additionally, there is a lack of effective 
integration of multi-modal data, where imaging 
data is combined with clinical and patient-
specific information to provide a more 
comprehensive diagnostic perspective. Another 
major gap is the need for explainable AI models, 
as current deep learning systems often lack 
transparency, making it difficult for clinicians to 

interpret and trust their predictions. 
Furthermore, there is limited real-time 
deployment of these models in clinical settings, 
primarily due to computational constraints and 
integration challenges. 
To address these gaps, future research should 
focus on developing lightweight and 
computationally efficient models that can 
support real-time applications in healthcare 
environments. There is also a need to integrate 
multi-modal data sources to enhance diagnostic 
accuracy and robustness. Improving model 
interpretability through explainable AI 
techniques is essential to increase clinical trust 
and adoption. Additionally, exploring federated 
learning approaches can enable privacy-
preserving healthcare AI by allowing 
collaborative model training across institutions 
without sharing sensitive patient data. 

 
Comparative Table  

Study Ye
ar 

Model / 
Architec
ture 

Techniq
ue 

Dataset 
Type 

Applicat
ion 

Perfor
mance 

Key 
Contrib
ution 

Advantag
es 

Limitatio
ns 

Behe
ra et 
al. 

20
24 

Efficient
NetB0 

CNN + 
KNN 

Histopat
hology 
images 

Subtype 
classific
ation 

High 
accurac
y 
(>90%) 

Efficient 
feature 
extracti
on for 
classific
ation 

Lightweig
ht, high 
accuracy 

Requires 
tuning, 
dataset 
depende
nt 

Shar
ma et 
al. 

20
23 

Efficient
NetB0 + 
FPN 

Segmen
tation 

MRI / CT Multi-
scale 
tumor 
detectio
n 

High 
Dice 
(>0.90) 

Improve
d tumor 
localizat
ion 

Multi-
scale 
feature 
learning 

Increase
d 
complexi
ty 

Redd
y et 
al. 

20
23 

Efficient
Net + 
Attentio
n 

Classific
ation 

Medical 
images 

Tumor 
classific
ation 

Accurac
y >92% 

Attentio
n-based 
feature 
enhance
ment 

Focused 
feature 
learning 

Computa
tional 
overhea
d 

Schw
artz 
et al. 

20
22 

CNN + 
LSTM 

Hybrid 
DL 

Sequenti
al 
imaging 
data 

Tempor
al 
feature 
learning 

Improv
ed 
predicti
on 
accurac
y 

Capture
s spatial 
+ 
tempor
al 
features 

Better 
pattern 
learning 

Complex 
training 

Kaur 
et al. 

20
21 

CNN Classific
ation 

Ultrasou
nd / CT 

Stage 
detectio
n 

Modera
te 
accurac
y (80–
85%) 

Baseline 
detectio
n model 

Simple, 
low cost 

Limited 
feature 
represen
tation 

Hem
a et 
al. 

20
22 

CNN 
Segment
ation 

Segmen
tation 

MRI 
images 

Tumor 
boundar
y 
detectio
n 

High 
precisio
n 

Region-
based 
segmen
tation 

Good 
localizati
on 

Limited 
multi-
scale 
learning 
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Huss
ain et 
al. 

20
21 

U-Net Segmen
tation 

Medical 
imaging 

Tumor 
segment
ation 

Dice 
~0.85–
0.90 

Encoder
-
decoder 
segmen
tation 

Strong 
performa
nce 

Weak 
small 
lesion 
detectio
n 

Tan & 
Le 

20
20 

Efficient
Net 

Feature 
Extracti
on 

General 
imaging 

Classific
ation 
backbon
e 

High 
efficien
cy 

Compou
nd 
scaling 
approac
h 

Efficient 
& 
scalable 

Requires 
fine-
tuning 

Zhou 
et al. 

20
20 

ML 
Models 

SVM / 
RF 

Ultrasou
nd 

Disease 
detectio
n 

Modera
te 
accurac
y 

Traditio
nal ML 
baseline 

Simple 
impleme
ntation 

Limited 
generaliz
ation 

Hybri
d 
Mode
l 
Study 

20
23 

Efficient
Net + 
FPN + 
CDCNN 

Hybrid 
DL 

Multi-
modal 

Segmen
tation + 
Classific
ation 

Accurac
y >93% 

Integrat
ed 
framew
ork 

Best 
performa
nce 

High 
computa
tional 
cost 

 
Comparative Analysis  
The comparative analysis of deep learning and 
optimization approaches for ovarian cancer 
detection reveals a clear evolution from 
traditional machine learning methods to 
advanced hybrid deep learning architectures. 
The studies analyzed in demonstrate that 
modern frameworks integrating EfficientNetB0, 
Feature Pyramid Networks (FPN), and causal 
dilated convolutional neural networks (CDCNNs) 
significantly outperform earlier models in terms 
of accuracy, robustness, and clinical applicability. 
Initially, traditional machine learning approaches 
such as Support Vector Machines (SVM), Random 
Forests, and K-Nearest Neighbors (KNN) were 
widely used for ovarian cancer detection. These 
models relied heavily on handcrafted feature 
extraction techniques, which limited their ability 
to capture complex patterns in medical images. 
Although these methods achieved moderate 
accuracy, they struggled with generalization and 
adaptability to diverse datasets. The introduction 
of convolutional neural networks (CNNs) marked 
a significant improvement by enabling automatic 
feature extraction directly from raw images. 
CNN-based models demonstrated higher 
accuracy and improved robustness compared to 
traditional methods, making them more suitable 
for medical imaging applications. 
However, standard CNN architectures such as 
VGG and ResNet have certain limitations, 
including high computational requirements and 
the risk of overfitting, especially when trained on 
small medical datasets. EfficientNetB0 addresses 
these challenges through its compound scaling 
approach, which balances network depth, width, 
and resolution. This results in improved 
performance with fewer parameters, making 
EfficientNetB0 both efficient and scalable. 

Comparative studies show that EfficientNetB0 
outperforms traditional CNN models in 
classification tasks, achieving higher accuracy 
while maintaining computational efficiency. 
Additionally, the integration of attention 
mechanisms with EfficientNet further enhances 
its performance by enabling the model to focus 
on relevant regions in medical images. 
Semantic segmentation plays a critical role in 
ovarian cancer detection by enabling precise 
localization of tumor regions. U-Net and its 
variants have been widely used for this purpose 
due to their encoder-decoder architecture and 
skip connections. These models achieve high 
segmentation accuracy and are effective in 
capturing spatial features. However, U-Net-based 
models may struggle with detecting tumors of 
varying sizes due to limited multi-scale feature 
representation. Feature Pyramid Networks 
(FPN) address this limitation by combining 
features from different layers of the network, 
enabling multi-scale feature extraction. 
Comparative analysis indicates that FPN-based 
models outperform U-Net in scenarios involving 
complex tumor morphology, as they provide 
better detection of both small and large lesions. 
Causal dilated convolutional neural networks 
(CDCNNs) introduce another important 
improvement by enhancing the model’s ability to 
capture contextual information. By expanding 
the receptive field without increasing the number 
of parameters, CDCNNs enable the model to 
analyze long-range spatial dependencies, which 
are essential for identifying irregular tumor 
patterns. Compared to traditional CNNs, CDCNNs 
provide improved segmentation and 
classification performance while maintaining 
computational efficiency. However, they require 



International Journal of Recent Advances in Engineering and Technology 

108 

careful design to avoid issues such as gridding 
artifacts. 
The integration of EfficientNetB0, FPN, and 
CDCNNs into hybrid architectures represents the 
most significant advancement in this domain. 
These hybrid models combine efficient feature 
extraction, multi-scale segmentation, and 
contextual learning into a unified framework. As 
a result, they achieve superior performance 
across multiple metrics, including accuracy, Dice 
coefficient, precision, and recall. Comparative 
studies show that hybrid models outperform 
standalone architectures by a significant margin, 
particularly in complex medical imaging 
scenarios involving heterogeneous tumor 
characteristics. 
Another important trend observed in the 
literature is the use of hybrid models 
incorporating temporal learning components 
such as LSTM. These models are capable of 
capturing both spatial and temporal features, 
further improving diagnostic accuracy. 
Additionally, optimization techniques such as 
transfer learning, data augmentation, and 
adaptive optimizers (e.g., Adam) play a crucial 
role in improving model performance and 
generalization. 
Despite these advancements, several challenges 
remain. These include limited availability of 
annotated datasets, high computational 
requirements, lack of model interpretability, and 
generalization issues across different datasets. 
Addressing these challenges is essential for 
ensuring the successful deployment of deep 
learning models in clinical settings. 
In conclusion, the comparative analysis 
demonstrates that hybrid deep learning 
architectures integrating EfficientNetB0, FPN, 
and CDCNNs provide the most effective solution 
for ovarian cancer detection. These models 
leverage the strengths of multiple techniques to 
achieve high accuracy and robustness, making 
them promising candidates for real-world 
clinical applications. However, future research 
must focus on improving interpretability, 
reducing computational complexity, and 
enhancing generalization to ensure widespread 
adoption in healthcare systems. 
 
Discussion  
The integration of deep learning techniques into 
ovarian cancer detection has significantly 
enhanced diagnostic accuracy and efficiency. 
Models based on EfficientNetB0, Feature 
Pyramid Networks (FPN), and causal dilated 
convolutional neural networks (CDCNNs) have 
demonstrated superior performance in both 
semantic segmentation and classification tasks. 
EfficientNetB0 provides efficient feature 

extraction with reduced computational 
complexity, while FPN enables multi-scale 
feature learning, improving tumor localization 
across varying sizes. CDCNN further enhances 
the model’s ability to capture contextual 
information, which is critical in medical image 
analysis. 
Comparative studies indicate that hybrid 
architectures outperform standalone models by 
leveraging complementary strengths of different 
techniques. Additionally, optimization strategies 
such as transfer learning, data augmentation, and 
adaptive optimizers (e.g., Adam) significantly 
improve model generalization and convergence. 
However, challenges remain, including limited 
availability of annotated datasets, model 
interpretability, and computational 
requirements for training deep architectures. 
The lack of explainability in deep learning models 
raises concerns regarding their adoption in 
clinical practice. Therefore, integrating 
explainable AI techniques and ensuring model 
transparency are essential. Overall, while current 
approaches show promising results, further 
research is required to develop robust, scalable, 
and clinically deployable systems. 
 
Conclusion  
This review highlights the effectiveness of deep 
learning and optimization approaches in ovarian 
cancer detection, focusing on semantic 
segmentation and classification using 
EfficientNetB0, FPN, and CDCNN architectures. 
The findings demonstrate that these advanced 
models significantly improve diagnostic accuracy 
by effectively capturing both local and global 
features from medical images. 
EfficientNetB0 offers a balance between 
performance and computational efficiency, 
making it suitable for practical applications. FPN 
enhances segmentation by enabling multi-scale 
feature extraction, while CDCNN improves 
contextual understanding through expanded 
receptive fields. The integration of these 
architectures into hybrid frameworks provides a 
powerful solution for accurate tumor detection 
and classification. 
Despite these advancements, several challenges 
persist, including data scarcity, high 
computational cost, and lack of interpretability. 
Addressing these issues is crucial for the 
successful deployment of AI-based diagnostic 
systems in real-world healthcare settings. Future 
research should focus on developing lightweight 
models, incorporating explainable AI techniques, 
and leveraging multimodal data to improve 
performance. 
In conclusion, deep learning-based approaches 
have the potential to revolutionize ovarian cancer 
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diagnosis, enabling early detection and improved 
patient outcomes, provided that existing 
limitations are effectively addressed. 
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