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Abstract 

Ovarian cancer remains one of the most critical gynecological 
malignancies, largely due to late-stage detection and the limitations of 
traditional diagnostic methods. Medical imaging techniques such as 
ultrasound, CT, and MRI are commonly used for tumor identification, but 
manual interpretation is often time-consuming and subject to variability 
among clinicians. In this context, artificial intelligence, particularly deep 
learning, has emerged as a powerful tool to enhance diagnostic accuracy 
and efficiency. Convolutional neural networks enable automated 
extraction of complex features from medical images, allowing models to 
detect subtle patterns that may not be easily visible to the human eye. As 
a result, AI-based systems have demonstrated performance comparable 
to expert radiologists in certain diagnostic tasks. Advanced 
segmentation and classification techniques play a crucial role in 
improving detection outcomes. Architectures such as U-Net, DeepLab, 
and Feature Pyramid Networks are widely used for precise tumor 
boundary delineation, achieving high segmentation accuracy. 
EfficientNetB0 has gained attention for its ability to balance 
performance and computational efficiency through compound scaling, 
and when combined with FPN, it enhances multi-scale feature learning. 
Additionally, causal dilated convolutional neural networks improve 
contextual understanding by capturing long-range spatial dependencies. 
Hybrid models integrating these techniques have shown superior 
performance in ovarian cancer detection. However, challenges such as 
limited annotated datasets, model generalization, and lack of 
interpretability remain significant barriers, highlighting the need for 
further research in explainable AI and real-world clinical validation. 
 

 
Introduction  
Ovarian cancer remains one of the most fatal 
gynecological malignancies worldwide, primarily 
due to its late diagnosis and the absence of 
effective early detection strategies. In many 
cases, the disease progresses without noticeable 
symptoms, resulting in delayed clinical 

intervention and poor patient outcomes. Early 
and accurate detection is therefore essential to 
improve survival rates and enable timely 
treatment. Although advancements in medical 
imaging have enhanced diagnostic capabilities, 
identifying ovarian tumors at an early stage 
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continues to be a significant challenge in modern 
healthcare systems. 
Conventional diagnostic approaches rely on 
imaging modalities such as ultrasound, 
computed tomography (CT), and magnetic 
resonance imaging (MRI), often combined with 
histopathological analysis. However, manual 
interpretation of these images is subjective and 
varies among clinicians, leading to 
inconsistencies in diagnosis. Additionally, the 
increasing volume of medical imaging data places 
a heavy burden on healthcare professionals. 
These limitations highlight the need for 
automated and reliable diagnostic systems that 
can assist clinicians in making accurate and 
efficient decisions. 
 

 
Fig 1: Evolution of AI Techniques for Ovarian 

Cancer Detection 
 
Artificial intelligence, particularly deep learning, 
has emerged as a transformative solution in 
medical image analysis. Convolutional neural 
networks enable automatic extraction of 
hierarchical features from raw imaging data, 
significantly improving detection and 
classification performance. Semantic 
segmentation techniques such as U-Net, 
DeepLab, and Feature Pyramid Networks allow 
precise localization of tumor regions, which is 
crucial for treatment planning and disease 
monitoring. EfficientNetB0 enhances feature 
extraction through its compound scaling 
approach, while FPN improves multi-scale 
learning for detecting tumors of varying sizes. 
Dilated convolutional neural networks further 
strengthen model performance by capturing 
long-range spatial dependencies and contextual 
information. 
The integration of these advanced techniques has 
led to the development of hybrid deep learning 
architectures that combine segmentation and 
classification capabilities for improved 
diagnostic accuracy. These models offer 
consistent, objective, and high-performance 
analysis compared to traditional methods. 

However, challenges such as limited annotated 
datasets, model generalization, and lack of 
interpretability remain barriers to widespread 
clinical adoption. Future research should focus 
on developing explainable AI models, 
incorporating multimodal data, and conducting 
real-world clinical validation to ensure reliable 
and scalable deployment in healthcare 
environments. 
 
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 
these limitations, CNN-based models remain the 
foundation for most AI-driven diagnostic 
systems. 
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2. Semantic Segmentation for Tumor 
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 a challenging 
task in ovarian cancer detection due to several 
inherent complexities associated with tumor 
characteristics. Tumors often exhibit irregular 
and heterogeneous shapes, making it difficult for 
models to accurately delineate their boundaries. 
Additionally, there is significant variability in 
tumor size, ranging from as small as 2 cm to as 
large as 20 cm, which complicates multi-scale 
detection and requires models to effectively 
capture both fine and coarse features. 
Furthermore, the boundaries between tumor 
tissues and surrounding healthy structures are 
often indistinct or blurred, leading to ambiguity 
in segmentation and increasing the risk of 
misclassification. These factors collectively make 
accurate and reliable segmentation a complex 
problem in medical image analysis. 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 
resolution simultaneously, resulting in improved 
performance with fewer parameters. 
A study using EfficientNetB0 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 increasingly emphasize 
the development of hybrid architectures that 
combine multiple deep learning techniques to 
enhance performance in ovarian cancer 
detection. These advanced models integrate 
EfficientNet for efficient and high-quality feature 
extraction, Feature Pyramid Networks (FPN) for 
effective multi-scale learning, dilated 
convolutional neural networks for capturing 
broader contextual information, and attention 
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mechanisms to focus on the most relevant 
features within medical images. By leveraging the 
strengths of each component, hybrid models are 
able to achieve superior performance compared 
to standalone architectures. Furthermore, 
integrating both segmentation and classification 
within a unified framework improves overall 
efficiency, minimizes computational redundancy, 
and enables more accurate and comprehensive 
diagnostic outcomes. 
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 
Multimodal deep learning has emerged as a 
significant trend in ovarian cancer detection, 
focusing on the integration of data from multiple 
sources such as MRI, CT scans, ultrasound 
images, and histopathological data. By combining 
information from these diverse modalities, these 
models are able to capture complementary 
features that may not be evident when using a 
single data source. This integrated approach 
provides a more comprehensive understanding 
of the disease, enabling improved detection, 
classification, and analysis of tumor 
characteristics. Studies have shown that 
multimodal models consistently outperform 
single-modality approaches, as they enhance 
diagnostic accuracy, robustness, and reliability 
by leveraging the strengths of different imaging 
techniques.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 a 
range of quantitative metrics that assess both 
classification and segmentation capabilities. 
Accuracy is commonly used to measure overall 
classification performance, while the Dice 
Similarity Coefficient (DSC) is widely applied to 
evaluate segmentation accuracy by measuring 
the overlap between predicted and ground truth 
tumor regions. Another important metric is 
Intersection over Union (IoU), which provides a 
robust measure of segmentation quality by 
quantifying the ratio of overlap to the total 
combined area. Additionally, precision and recall 
are used to assess the reliability of detection, 
where precision indicates the correctness of 
positive predictions and recall reflects the 

model’s ability to identify all relevant tumor 
cases. 
Recent studies demonstrate significant 
improvements in these performance metrics 
across different deep learning architectures. 
Conventional CNN models typically achieve 
classification accuracy in the range of 
approximately 80–90%, while advanced 
segmentation models such as U-Net++ report 
Dice coefficients exceeding 0.85, indicating 
strong segmentation performance. DenseNet-
based models have shown further improvements, 
achieving classification accuracy up to around 
95.7%. Notably, EfficientNet-based models have 
demonstrated near-perfect accuracy in 
controlled datasets, highlighting their 
effectiveness in feature extraction and 
classification tasks. These findings collectively 
indicate substantial advancements in diagnostic 
performance, particularly with the adoption of 
hybrid models that integrate multiple deep 
learning techniques. 
 
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 critical research 
gaps in the application of deep learning for 
ovarian cancer detection. One of the most 
significant challenges is the need for large-scale 
annotated datasets, as existing datasets are often 
limited in size and lack diversity, which affects 
model training and performance. Additionally, 
there is a growing demand for explainable AI 
models, as current deep learning systems often 
operate as “black boxes,” making it difficult for 
clinicians to interpret and trust their predictions. 
The integration of multimodal data sources, 
including imaging and clinical data, remains 
insufficiently explored, despite its potential to 
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enhance diagnostic accuracy. Furthermore, 
improving model generalization and validation 
across diverse datasets and clinical settings is 
essential to ensure reliability and robustness. 
Another emerging research direction is the 
adoption of transformer-based architectures, 
which have shown promising results in capturing 

long-range dependencies and improving 
performance in medical image analysis. 
Therefore, future research should focus on 
developing robust, scalable, and interpretable 
models that can be effectively deployed in real-
world clinical environments. 

 
Comparative Table  

Yea
r 

Model / 
Architectu
re 

Techniqu
e 

Dataset / 
Modality 

Applicatio
n 

Performa
nce 
Metrics 

Key 
Strengths 

Limitation
s 

202
0 

CNN 
(Baseline – 
AlexNet/V
GG) 

Classificat
ion 

MRI / CT / 
Ultrasound 

Tumor 
detection 

Accuracy: 
70–85% 

Simple 
implementa
tion, 
baseline 
learning 

Poor multi-
scale 
learning, 
high 
overfitting 
risk 

202
1 

U-Net / U-
Net++ 

Semantic 
Segmentat
ion 

MRI / 
Histopathol
ogy 

Tumor 
localization 

Dice 
Score: 
~0.85 

Strong 
segmentatio
n accuracy, 
encoder-
decoder 
design 

Struggles 
with 
small/irreg
ular tumors 

202
2 

DeepLabV
3+ 

Segmentat
ion 
(Atrous 
Convoluti
on) 

MRI / CT Tumor 
segmentati
on 

High IoU, 
Dice 
~0.85–
0.90 

Captures 
global + 
local 
features 

High 
computatio
nal cost 

202
2 

DenseNet Classificat
ion 

Histopathol
ogy 

Tumor 
classificatio
n 

Accuracy: 
~95.7% 

Feature 
reuse, deep 
feature 
extraction 

Heavy 
model 
complexity 

202
2 

EfficientNe
tB0 

Classificat
ion 

Medical 
imaging 

Subtype 
classificatio
n 

Accuracy: 
90–98% 

Efficient 
scaling, 
fewer 
parameters 

Limited 
spatial 
localization 

202
3 

FPN + 
ResNet 

Multi-
scale 
Segmentat
ion 

MRI / CT Tumor 
detection 

Improved 
Dice & IoU 

Multi-scale 
feature 
fusion 

Increased 
architectur
e 
complexity 

202
3 

Dilated 
CNN 

Context 
Learning 

Medical 
imaging 

Tumor 
boundary 
detection 

High recall 
& 
precision 

Captures 
long-range 
dependenci
es 

Risk of 
gridding 
artifacts 

202
3 

EfficientNe
t + 
Attention 

Classificat
ion 

Multi-
modal data 

Tumor 
classificatio
n 

Accuracy 
>92% 

Focus on 
relevant 
tumor 
regions 

Computatio
nal 
overhead 

202
3 

Multimoda
l DL 
Models 

Multi-
source 
Learning 

MRI + CT + 
Ultrasound 

Comprehen
sive 
diagnosis 

Improved 
accuracy & 
robustnes
s 

Combines 
complement
ary features 

Complex 
data 
integration 

 
Comparative Analysis  
The comparative analysis of artificial intelligence 
techniques for ovarian cancer detection 
highlights a clear evolution from traditional 
machine learning methods to advanced hybrid 

deep learning architectures. Early approaches 
such as Support Vector Machines (SVM), K-
Nearest Neighbors (KNN), and decision trees 
relied heavily on handcrafted feature extraction, 
limiting their ability to capture complex patterns 
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in medical images. As a result, these models 
achieved only moderate accuracy and struggled 
with generalization across diverse datasets. The 
introduction of Convolutional Neural Networks 
(CNNs) marked a significant advancement by 
enabling automatic feature extraction directly 
from raw images, leading to improved accuracy 
and robustness. 
Initial CNN architectures such as AlexNet and 
VGG improved classification performance but 
were limited by high computational cost and 
overfitting issues. More advanced models like 
ResNet and DenseNet addressed these 
limitations through deeper architectures and 
improved feature reuse, achieving higher 
accuracy. DenseNet, in particular, demonstrated 
strong performance due to efficient gradient 
flow, though at the expense of increased 
complexity. 
Segmentation models such as U-Net and U-Net++ 
further enhanced ovarian cancer detection by 
enabling precise tumor localization. These 
models effectively captured spatial and 
contextual information but faced challenges with 
irregular tumor boundaries. Advanced 
architectures like DeepLabV3+ improved 
segmentation by incorporating dilated 
convolutions and multi-scale context, though 
with higher computational demands. Feature 
Pyramid Networks (FPN) further enhanced 
multi-scale detection, especially for small and 
complex tumor regions. 
EfficientNetB0 introduced a more balanced 
approach to model scaling, achieving high 
accuracy with fewer parameters. Dilated CNNs 
improved contextual understanding by capturing 
long-range spatial dependencies. The most 
effective solutions emerged from hybrid 
architectures that combine EfficientNetB0, FPN, 
and dilated convolutions, achieving superior 
performance in both classification and 
segmentation tasks. 
Despite these advancements, challenges such as 
limited annotated datasets, high computational 
requirements, and lack of interpretability 
remain. Overall, hybrid deep learning models 
represent the most promising direction, offering 
improved accuracy, robustness, and clinical 
applicability in ovarian cancer detection. 
 
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 AI, 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 EfficientNetB0, 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, scalable, and explainable 
models for clinical deployment. The integration 
of AI in healthcare has the potential to 
significantly improve early detection and patient 
outcomes in ovarian cancer. 
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