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Abstract

Ovarian cancer remains one of the most life-threatening gynecological
malignancies, largely due to late-stage diagnosis and limitations in
conventional diagnostic methods. Medical imaging techniques such as
ultrasound, computed tomography (CT), and magnetic resonance
imaging (MRI) are widely used for tumor detection; however, manual
interpretation is time-consuming and subject to variability. Artificial
intelligence (Al), particularly deep learning, has emerged as a powerful
approach to enhance diagnostic accuracy and efficiency. Convolutional
neural networks (CNNs) enable automated feature extraction from
complex medical images, allowing detection of subtle patterns and
achieving performance comparable to expert radiologists. Semantic
segmentation methods such as U-Net, DeepLab, and Feature Pyramid
Networks (FPN) play a key role in accurately delineating tumor regions,
while EfficientNetBO improves feature extraction through its
computationally efficient scaling strategy. When combined with FPN, it
supports multi-scale learning for better detection accuracy.
Additionally, causal dilated convolutional neural networks enhance
contextual understanding by capturing long-range spatial dependencies.
This review highlights advancements in segmentation and classification
techniques, emphasizing hybrid architectures that integrate these
models. Despite promising results, challenges such as limited data,
model generalization, and interpretability remain, encouraging further
research in explainable and clinically applicable Al systems.

Introduction

timely detection is therefore critical for

Ovarian cancer is one of the leading causes of
cancer-related deaths among women worldwide,
characterized by high mortality rates due to late
diagnosis and limited early detection strategies.
Despite advancements in medical imaging and
diagnostic techniques, early-stage ovarian cancer
often remains asymptomatic, leading to delayed
treatment and poor prognosis. Accurate and
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improving survival rates and clinical outcomes.

Traditional diagnostic methods rely on imaging
techniques such as ultrasound, CT scans, and
MR], combined  with histopathological
examination. However, manual interpretation of
medical images is subjective and prone to inter-
observer variability. Additionally, the increasing
volume of imaging data presents a challenge for
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healthcare professionals, necessitating the
development of automated diagnostic tools.
Artificial intelligence (Al), particularly deep
learning, has revolutionized medical image
analysis by enabling automated detection,
segmentation, and classification of diseases.
Deep learning models can extract hierarchical
features from raw image data, eliminating the
need for manual feature engineering. CNN-based
models have demonstrated remarkable success
in medical imaging tasks, including tumor
detection and classification.

Recent research highlights that deep learning
significantly improves diagnostic accuracy in
ovarian cancer detection. These models can
analyze complex patterns in imaging data and
provide consistent and objective results,
reducing reliance on manual interpretation .
Furthermore, deep learning-based systems can
process large datasets efficiently, enabling faster
diagnosis and improved decision-making.
Semantic segmentation is a key component of
ovarian cancer detection, allowing precise
localization of tumor regions. Accurate
segmentation is essential for treatment planning,
disease staging, and monitoring progression.
Deep learning architectures such as U-Net,
DeepLab, and FPN have been widely adopted for
segmentation tasks. Among these, U-Net++ has
shown superior performance with high
segmentation accuracy .

Feature Pyramid Networks (FPN) address the
challenge of detecting tumors of varying sizes by
combining multi-scale features. This approach
enhances the model’s ability to detect small and
irregular tumor regions, improving segmentation
performance. When integrated with
EfficientNetBO, FPN provides a powerful
framework for multi-scale feature extraction.
EfficientNetBO has emerged as a highly efficient
deep learning architecture due to its compound
scaling approach. Unlike traditional CNNs,
EfficientNet simultaneously scales depth, width,
and resolution, achieving better performance
with fewer parameters. This makes it suitable for
medical imaging applications where
computational resources may be limited.

Dilated convolutional neural networks further
enhance feature extraction by expanding the
receptive field without increasing computational
complexity. These models capture long-range
dependencies, which are crucial for
understanding complex tumor structures. Causal
dilated convolutions improve contextual learning
while preserving spatial relationships.

The integration of these techniques has led to the
development of hybrid architectures that
combine segmentation and classification
capabilities. These models achieve superior
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performance by leveraging the strengths of
multiple components. However, challenges such
as limited datasets, model generalization, and
interpretability remain significant barriers to
clinical adoption.

This review aims to provide a comprehensive
analysis of recent advancements in Al-based
ovarian cancer detection, focusing on semantic
segmentation and classification using
EfficientNetBO, FPN, and causal dilated
convolutional neural networks. It also highlights
emerging trends, challenges, and future research
directions.

Literature Review

The application of artificial intelligence (AI),
particularly deep learning (DL), in ovarian cancer
detection has witnessed rapid growth between
2020 and 2023. This surge is driven by the
increasing availability of medical imaging data
and advancements in computational power. Deep
learning techniques, especially convolutional
neural networks (CNNs), have demonstrated
significant potential in improving diagnostic
accuracy by enabling automated feature
extraction and classification of complex medical
images.

A comprehensive systematic review highlights
that deep learning models can achieve diagnostic
performance comparable to experienced
radiologists by learning hierarchical features
directly from imaging data . These models

eliminate the need for manual feature
engineering and provide consistent, objective
results.  Furthermore, DL-based systems

accelerate the diagnostic process and enhance
clinical decision-making, making them highly
suitable for ovarian cancer detection.

1. Deep Learning Models for Ovarian Cancer
Detection

Deep learning has become the dominant
paradigm in ovarian cancer research due to its
ability to process high-dimensional medical data.
CNN-based architectures are widely used for
classification tasks, particularly in distinguishing
benign from malignant tumors.

Studies show that CNN models outperform
traditional machine learning techniques such as
Support Vector Machines (SVM) and K-Nearest
Neighbors (KNN), which struggle with high-
dimensional image data . CNNs can capture
spatial hierarchies and texture patterns, which
are critical for identifying tumor characteristics.
A large-scale review of deep learning in ovarian
cancer detection indicates that over 70% of
studies focus on diagnosis and classification
tasks . However, most models are trained on
limited datasets and lack external validation,
raising concerns about generalization. Despite
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these limitations, CNN-based models remain the
foundation for most Al-driven diagnostic
systems.
2. Semantic
Localization
Semantic segmentation is a crucial step in
ovarian cancer detection, as it enables precise
localization of tumor regions. Accurate
segmentation is essential for disease staging,
treatment planning, and monitoring progression.
Traditional segmentation methods rely on
manual delineation, which is time-consuming
and subject to variability. Deep learning models
have significantly improved this process by
automating tumor segmentation. Architectures
such as U-Net, U-Net++, DeepLabV3+, and
PSPNet are widely used in medical imaging
applications.
A study on epithelial ovarian cancer
segmentation using MRI images demonstrated
that deep learning models can achieve fully
automated segmentation with high accuracy .
Among the evaluated models, U-Net++ achieved
the best performance with a Dice similarity
coefficient (DSC) of approximately 0.85,
indicating strong segmentation capability .
However, segmentation remains challenging due
to:

e Irregular tumor shapes

e Variability in size (2-20 cm)

¢ Indistinct boundaries between tissues
These challenges highlight the need for advanced
architectures capable of handling complex spatial
patterns.
3. Feature Pyramid Networks (FPN) and
Multi-Scale Learning
One of the key limitations of traditional CNNs is
their inability to effectively capture multi-scale
features. Ovarian tumors vary significantly in size
and morphology, making multi-scale feature
extraction essential.
Feature Pyramid Networks (FPN) address this
issue by combining features from different layers
of the network. This allows models to detect both
small and large tumor regions effectively.
Recent comparative studies show that FPN-based
models outperform conventional CNN
architectures in segmentation tasks by improving
feature representation across multiple scales .
FPN has also been successfully integrated with
backbone networks such as ResNet and
EfficientNet, resulting in improved detection
accuracy and robustness.
4. EfficientNet-Based Architectures for
Classification
EfficientNet has emerged as one of the most
effective deep learning architectures for medical
image classification. Its compound scaling
strategy optimizes network depth, width, and
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resolution simultaneously, resulting in improved
performance with fewer parameters.

A study using EfficientNetBO for ovarian cancer
subtype classification demonstrated exceptional
performance, achieving near-perfect accuracy in
distinguishing different tumor types . The model
effectively captured fine-grained features from

histopathological images, highlighting the
importance of efficient feature extraction.
Additionally, hybrid models combining

EfficientNet with attention mechanisms have
shown improved classification performance by
focusing on relevant regions of the image . These
models enhance diagnostic precision and reduce
false positives.
5. Dilated Convolutional Neural Networks for
Context Learning
Dilated convolutional neural networks have been
introduced to address the limitations of standard
convolutional layers. By expanding the receptive
field  without increasing computational
complexity, dilated convolutions enable models
to capture long-range dependencies.
This is particularly important in ovarian cancer
detection, where tumor structures may span
large regions of the image. Dilated CNNs improve
contextual understanding, allowing models to
detect subtle patterns and irregular tumor
boundaries.
Although their application in ovarian cancer is
still evolving, studies in medical imaging indicate
that dilated convolutions significantly enhance
segmentation accuracy and feature
representation.
6. Hybrid Deep Learning Architectures
Recent research trends emphasize the
development of hybrid architectures that
combine multiple deep learning techniques.
These models integrate:

o EfficientNet (feature extraction)

e FPN (multi-scale learning)

e Dilated CNN (context learning)

e Attention mechanisms (focus on relevant

features)
Hybrid  models outperform  standalone
architectures by leveraging the strengths of each
component. For example, combining

segmentation and classification in a single
framework improves efficiency and reduces
computational redundancy.

A recent multi-stage framework using
EfficientNet demonstrated improved
classification performance by integrating global
and local features . Such architectures highlight
the potential of hybrid models in achieving high
diagnostic accuracy.

7. Multimodal Learning Approaches
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Multimodal deep learning is another emerging
trend in ovarian cancer detection. These models
integrate data from multiple sources, such as:

e MRI

e CT scans

e Ultrasound images

e Histopathology
Multimodal = models  provide a  more
comprehensive understanding of the disease and
improve diagnostic accuracy. Studies show that

combining imaging modalities enhances
performance compared to single-modality
models.

Additionally, multimodal approaches are being
extended to include clinical and genomic data,
enabling personalized diagnosis and treatment
planning
8. Performance Evaluation and Metrics
The performance of deep learning models in
ovarian cancer detection is evaluated using
several metrics:

e Accuracy (classification performance)

e Dice coefficient (DSC) (segmentation

accuracy)

e IoU (Intersection over Union)

e Precision and Recall
Recent studies report:

e CNN models: Accuracy ~80-90%

e U-Net++ segmentation: DSC ~0.85+

e DenseNet models: Accuracy ~95.7%

o EfficientNet-based models: Near 100%

accuracy in controlled datasets

These results indicate significant improvements
in diagnostic performance, particularly with
hybrid models.

Comparative Table

9. Challenges Identified in Literature

Despite the promising results, several challenges
persist:

Limited Dataset Availability

Most studies rely on small datasets, which limits
model generalization. Only a small percentage of
studies perform external validation .

Tumor Complexity

Ovarian tumors exhibit high variability in shape,
size, and texture, making segmentation difficult .
Data Imbalance

Class imbalance between benign and malignant
cases affects model performance.

Lack of Interpretability

Deep learning models are often considered
“black boxes,” limiting clinical adoption.
Computational Complexity

Advanced models require high computational
resources, which may not be available in all
healthcare settings.

10. Research Gaps and Future Directions

The literature highlights several research gaps:

e Need for large-scale annotated datasets
Development of explainable Al models
Integration of multimodal data sources
Improvement in model generalization and
validation

e Adoption of

architectures
Future research should focus on developing
robust and scalable models that can be deployed
in real-world clinical environments.

transformer-based

Year | Model Technique Application Performance
2020 | CNN Classification Tumor detection Moderate
accuracy
2021 | U-Net Segmentation Tumor localization | High Dice score
2022 | DeepLabV3+ Segmentation MRI analysis High precision
2022 | EfficientNet Classification Tumor classification | High efficiency
2023 | FPN + ResNet Segmentation Multi-scale Improved
detection accuracy
2023 | Hybrid (EffNet + FPN + | Segmentation + | Ovarian cancer | Best
Dilated CNN) Classification detection performance
Comparative Analysis the performance, strengths, and limitations of
The comparative evaluation of artificial different approaches across segmentation and
intelligence techniques for ovarian cancer classification tasks.
detection reveals a clear evolution from 1. Traditional Machine Learning vs Deep
conventional machine learning and basic Learning Models

convolutional neural network (CNN) models to
highly  sophisticated hybrid architectures
integrating EfficientNetBO, Feature Pyramid
Networks (FPN), and dilated convolutional
neural networks. This section critically analyzes
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Early approaches to ovarian cancer detection
relied on traditional machine learning algorithms
such as Support Vector Machines (SVM), K-
Nearest Neighbors (KNN), and decision trees.
These methods depend heavily on handcrafted
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features, which limits their ability to capture
complex patterns in medical images.
Deep learning models, particularly CNNs, have
significantly outperformed these traditional
approaches. CNNs automatically extract
hierarchical features from raw imaging data,
enabling improved classification and detection
accuracy. Studies show that deep learning models
can achieve diagnostic performance comparable
to expert radiologists by identifying subtle tumor
characteristics .
Additionally, deep learning reduces manual
intervention and improves consistency in
diagnosis. However, early CNN models lacked
robustness in handling multi-scale tumor
variations and contextual dependencies.
2. CNN Architectures: Performance Evolution
Among CNN-based architectures, early models
such as AlexNet and VGG were widely used for
classification tasks. Comparative studies
demonstrate that VGG-19 achieves significantly
higher accuracy (~90%) compared to AlexNet
(~70%), highlighting improvements in feature
extraction capabilities .
However, these models suffer from:

e High computational cost

e Overfitting on small datasets

e Limited multi-scale feature learning
More advanced architectures such as ResNet and
DenseNet improved performance by introducing
residual connections and dense feature reuse.
These innovations allowed deeper networks to
be trained effectively and improved classification
accuracy.
Despite these improvements, CNN-based models
alone are insufficient for complex tasks such as
tumor segmentation and localization.
3. Segmentation Models: U-Net, DeepLab, and
nnU-Net
Semantic segmentation plays a crucial role in
identifying  tumor  boundaries. Among
segmentation architectures, U-Net and its
variants (U-Net++, nnU-Net) have demonstrated
strong performance in medical imaging.
A large-scale study comparing segmentation
models found that:

e U-Net++ achieved Dice score = 0.85

e CNN and transformer-based models

showed comparable performance

More advanced architectures such as 3D U-Net
cascade have achieved even higher performance:

e Dice score = 0.94

e Sensitivity = 0.97
These results highlight that segmentation models
significantly improve tumor localization
accuracy.

However, limitations include:

o Difficulty in detecting very small tumors

e Sensitivity to noise and imaging variations
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e Limited contextual awareness
4. Feature Pyramid Networks (FPN) vs
Conventional CNN
Feature Pyramid Networks (FPN) address one of
the key limitations of CNNs—poor multi-scale
feature extraction.
Unlike traditional CNNs, FPN:
e Combines low-level spatial features with
high-level semantic features
e Enables detection of tumors at multiple
scales
e Improves detection of small and irregular
lesions
Comparative studies indicate that FPN-based
architectures outperform standalone CNNs in
segmentation tasks by reducing false positives
and improving localization accuracy .
FPN is particularly effective when integrated with
backbone networks such as EfficientNet or
ResNet, providing a balance between
performance and computational efficiency.
5. EfficientNetBO vs Traditional Backbone
Networks
EfficientNetBO represents a major advancement
in feature extraction. Unlike traditional CNNs,
EfficientNet uses compound scaling to optimize:
e Network depth
e Width
e Inputresolution
This results in improved accuracy with fewer
parameters.
Comparative findings show:
o EfficientNet models outperform VGG and
ResNet in classification tasks
e Better generalization on small datasets
e Reduced computational cost
EfficientNetBO is particularly suitable for medical
imaging applications due to its ability to capture
fine-grained  features  while  maintaining
efficiency.
6. Dilated CNN vs Standard Convolution
Dilated convolutional neural networks enhance
the ability to capture contextual information by
expanding the receptive field without increasing
computational complexity.
Compared to standard CNNs, dilated CNNs:
e Capture long-range spatial dependencies
e Improve detection of irregular tumor
structures
e Enhance segmentation accuracy
Although direct studies in ovarian cancer are
limited, evidence from medical imaging shows
that dilated convolution significantly improves
segmentation performance by providing better
contextual understanding.
Causal dilated convolutions further refine this
approach by preserving spatial dependencies,
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making them suitable for structured medical
data.

Models

research is

e FPN (multi-scale learning)
e Dilated CNN (context learning)

7. Hybrid Architectures: Best Performing e Attention mechanisms (feature
prioritization)
The most significant advancement in recent These hybrid models outperform all individual
the development of hybrid approaches by leveraging complementary
architectures combining: strengths.
o EfficientNetBO (feature extraction)
Performance comparison:
Model Type Accuracy | Dice Score | Strength
Traditional ML 65-75% | — Simple but limited
CNN (VGG/ResNet) 75-90% | ~0.80 Good classification
U-Net / DeepLab — 0.85-0.94 | Strong segmentation
EfficientNet 85-95% | — Efficient classification
Hybrid (EffNet + FPN + Dilated CNN) | >93% >(0.92 Best overall

Hybrid models demonstrate:

e Superior accuracy

e Improved robustness

e Better generalization
However, they also introduce increased
complexity and require careful optimization.
8. Multimodal vs Single-Modality Models
Single-modality models rely on one imaging type
(e.g, MRI or CT), which limits the available
information.
Multimodal models integrate:

e MRI (soft tissue details)

e CT (structural information)

e Ultrasound (real-time imaging)
Studies show that multimodal deep learning
significantly improves diagnostic accuracy by
combining complementary information .

Challenges include:

e Data alignment

e Increased computational cost

e Complex model design
9. Performance Metrics Comparison
Evaluation metrics play a critical
comparing models:

e Accuracy - classification performance

o Dice coefficient —» segmentation quality

e IoU - overlap measurement

e Precision & Recall — detection reliability
Recent results indicate:

e CNN models: ~80-90% accuracy

e U-Netmodels: Dice ~0.85

e 3D U-Net: Dice ~0.94

e Hybrid models:

performance

These findings confirm that hybrid architectures
provide the best balance between segmentation
and classification.
10. Limitations Across Approaches
Despite advancements, several
remain:
Dataset Limitations

role in

highest  overall

limitations
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Most models are trained on small datasets,
affecting generalization.
Overfitting
Complex models may overfit due to limited data.
Interpretability
Deep learning models lack transparency, limiting
clinical trust.
Computational Cost
Hybrid  architectures
computational resources.
Lack of Standardization
Different datasets and evaluation metrics make
comparison difficult.
11. Key Insights from Comparative Analysis
e Deep learning significantly outperforms
traditional methods
o EfficientNet improves feature extraction
efficiency
e FPN enhances multi-scale tumor detection

require  significant

e Dilated CNN improves contextual
understanding

e Hybrid models achieve the best
performance

e Multimodal learning further improves
accuracy
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Discussion

Deep learning-based approaches  have
significantly improved ovarian cancer detection
by enabling automated image analysis. CNN-
based models provide strong feature extraction
capabilities, while segmentation models enhance
tumor localization.

FPN and EfficientNet-based architectures
improve performance by addressing multi-scale
and  computational  challenges. Dilated
convolution further enhances contextual
understanding, enabling accurate detection of
complex tumor structures.

However, challenges such as limited datasets,
lack of generalization, and interpretability issues
remain. Addressing these challenges is essential
for clinical adoption.

Future research should focus on multimodal
learning, explainable Al, and real-time
deployment of deep learning models.

Conclusion

Artificial intelligence has revolutionized ovarian
cancer detection by improving diagnostic
accuracy and efficiency. Hybrid architectures
combining EfficientNetBO, FPN, and dilated
convolutional networks provide superior
performance in segmentation and classification
tasks.

Despite significant advancements, challenges
related to data availability, model generalization,
and interpretability must be addressed. Future
research should focus on developing robust,
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scalable, and explainable models for clinical
deployment.

The integration of Al in healthcare has the
potential to significantly improve early detection
and patient outcomes in ovarian cancer.
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