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Abstract

Ovarian cancer is one of the deadliest gynecological malignancies because
it is often diagnosed at advanced stages, resulting in poor survival rates.
Medical imaging techniques such as ultrasound, magnetic resonance
imaging (MRI), and computed tomography (CT) are widely used for tumor
detection, but manual interpretation is time-consuming and susceptible
to inter-observer variability. Recent advances in deep learning have
significantly improved automated ovarian cancer diagnosis through
accurate image segmentation and classification. Convolutional Neural
Networks (CNNs), particularly EfficientNetBO, provide efficient feature
extraction by balancing network depth, width, and resolution while
maintaining low computational complexity. When integrated with
Feature Pyramid Networks (FPN), EfficientNetBO effectively captures
multi-scale features, enabling precise detection of tumors with varying
sizes and shapes. Furthermore, semantic segmentation models accurately
delineate tumor boundaries, improving diagnostic consistency and
reducing manual effort. Causal dilated convolutional neural networks
enhance contextual feature extraction by expanding the receptive field
without increasing computational cost, making them suitable for
identifying irregular tumor structures. This review examines recent
developments in hybrid deep learning architectures that combine
EfficientNetBO, FPN, and causal dilated CNNs for ovarian cancer detection.
Although these integrated models demonstrate improved segmentation
and classification performance, challenges related to limited datasets,
model generalization, and clinical validation persist. Future research
should emphasize multimodal data fusion, explainable artificial
intelligence, and large-scale clinical evaluation to support reliable
deployment in healthcare.

Introduction

reproductive disorders. Consequently, the

Ovarian cancer is one of the most aggressive and
life-threatening  gynecological malignancies,
accounting for a significant proportion of cancer-
related deaths among women worldwide. The
disease is frequently diagnosed at an advanced
stage because its early symptoms are vague and
often resemble common gastrointestinal or
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survival rate remains relatively low despite
considerable advancements in treatment
strategies. Medical imaging modalities such as
ultrasound, computed tomography (CT), and
magnetic resonance imaging (MRI) play a vital
role in tumor detection, staging, and treatment
planning. However, manual interpretation of
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these images is labor-intensive, time-consuming,
and subject to inter-observer variability, creating
the need for automated and reliable diagnostic
systems that can support clinicians in early
ovarian cancer detection.

Artificial intelligence (AI), particularly deep

learning, has revolutionized medical image
analysis by enabling automated feature
extraction and disease classification.

Convolutional Neural Networks (CNNs) have
demonstrated exceptional capability in learning
hierarchical image representations directly from
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raw medical images, eliminating the need for
handcrafted features. Among CNN architectures,
EfficientNetB0 has gained considerable attention
because of its compound scaling strategy that
simultaneously optimizes network depth, width,
and input resolution. This balanced design
provides high classification accuracy while
maintaining computational efficiency, making
EfficientNetBO highly suitable for healthcare
applications where rapid and accurate diagnosis
is essential.
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Figure 1. AlI-Based Semantic Segmentation Framework for Ovarian Cancer Detection

Semantic segmentation is another critical
component of ovarian cancer diagnosis, as it
enables precise identification of tumor

boundaries and supports accurate assessment of
tumor size and progression. Deep learning-based
segmentation models, including U-Net, DeepLab,
and Feature Pyramid Networks (FPN), have
significantly improved segmentation
performance by learning both spatial and
contextual information from medical images.
Feature Pyramid Networks are particularly
effective because they combine low-level spatial
features with high-level semantic
representations, allowing accurate detection of
tumors across multiple scales. Integrating FPN
with EfficientNetBO further enhances feature
representation and improves localization of
tumors with varying shapes and dimensions.

Recent research has also highlighted the
importance of causal dilated convolutional
neural networks for capturing long-range
contextual dependencies without increasing
computational complexity. Dilated convolutions
expand the receptive field while preserving
image resolution, enabling effective
identification of irregular tumor structures.
Hybrid deep learning frameworks that combine
EfficientNetBO, Feature Pyramid Networks, and
causal dilated convolution have demonstrated
superior segmentation and classification
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performance compared with individual models.
These integrated architectures effectively utilize
complementary strengths to improve diagnostic
accuracy and robustness in ovarian cancer
imaging.

Despite remarkable progress, several challenges
remain in developing clinically reliable Al-based
diagnostic systems. Limited annotated datasets,
variations in imaging modalities, model
generalization, and the need for explainable Al
continue to restrict widespread clinical adoption.
Furthermore, issues related to data privacy,
interoperability, and regulatory compliance
require careful consideration before deployment
in healthcare environments. This review
systematically examines recent advancements in
ovarian cancer detection using EfficientNetBO,
Feature Pyramid Networks, and causal dilated
convolutional neural networks, highlighting
current research trends, identifying existing
limitations, and outlining future directions for
developing accurate, interpretable, and clinically
applicable intelligent diagnostic systems.

Literature Review

The application of deep learning techniques in
ovarian cancer detection has grown significantly
between 2020 and 2023, driven by the increasing
availability of medical imaging data and
advancements in computational models. Recent
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studies highlight that deep learning, particularly
convolutional neural networks (CNNs), has
emerged as a powerful tool for improving
diagnostic accuracy in ovarian cancer detection
by enabling automated feature extraction and
classification of complex medical images . The
integration of  semantic segmentation,
classification models, and hybrid architectures
has further enhanced the performance of these
systems.

1. Deep Learning in Ovarian Cancer Detection
Deep learning has demonstrated strong potential
in analyzing medical imaging modalities such as
ultrasound, MRI, CT, and histopathological
images. Traditional diagnostic approaches rely
heavily on manual interpretation, which is time-
consuming and prone to inter-observer
variability. Deep learning models overcome these
limitations by learning hierarchical features
directly from raw data, enabling more objective
and consistent diagnosis .

A systematic review of deep learning in ovarian
cancer diagnosis revealed that CNN-based
architectures dominate the field, accounting for a
majority of research efforts. These models are
particularly effective due to their ability to
capture spatial patterns and complex textures
within medical images. Additionally, deep
learning models have been shown to achieve
diagnostic accuracy comparable to experienced
radiologists, indicating their potential for clinical
adoption. However, challenges such as limited
dataset availability, lack of standardization, and
insufficient external validation remain significant
barriers. Studies report that only a small
proportion of models are validated on diverse
datasets, highlighting concerns regarding
generalizability and robustness in real-world
applications .

2. Semantic Segmentation Techniques for
Tumor Localization

Semantic segmentation plays a critical role in
ovarian cancer detection by enabling precise
localization of tumor regions. Accurate
segmentation is essential for treatment planning,
tumor staging, and monitoring disease
progression. Traditionally, segmentation has
been performed manually by radiologists, but
this process is labor-intensive and subject to
variability.

Recent studies have demonstrated that deep
learning-based segmentation models can
automate this process with high accuracy.
Architectures such as U-Net, U-Net++,
DeepLabV3+, and PSPNet are widely used for
medical image segmentation. Among these, U-
Net++ has shown superior performance,
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achieving high Dice similarity coefficients in
ovarian tumor segmentation tasks .

A study on epithelial ovarian cancer
segmentation using MRI images confirmed that
deep learning models can perform fully
automated segmentation with promising results,
reducing the need for manual intervention. The
study also highlighted that segmentation
performance varies depending on tumor stage
and histological type, emphasizing the
importance of dataset diversity .

Furthermore, semantic segmentation models are
increasingly being combined with attention
mechanisms and multi-scale feature extraction
techniques to improve accuracy. These
enhancements allow models to focus on relevant
tumor regions while ignoring irrelevant
background information.

3. Feature Pyramid Networks (FPN) and
Multi-Scale Learning

One of the key challenges in ovarian cancer
detection is the variability in tumor size, shape,
and texture. Feature Pyramid Networks (FPN)
address this issue by enabling multi-scale feature
extraction. FPN combines low-level spatial
features with high-level semantic features,
allowing models to detect tumors at different
scales.

Recent research indicates that FPN significantly
improves segmentation performance when
integrated with backbone networks such as
ResNet or EfficientNet. By leveraging hierarchical
feature representations, FPN enhances the
model’s ability to identify small and irregular
tumor regions that may be missed by traditional
CNN architectures.

Multi-scale learning has become an essential
component of modern deep learning models for
medical imaging. Studies show that combining
FPN with encoder-decoder architectures results
in better segmentation accuracy and improved
generalization. This is particularly important in
ovarian cancer detection, where tumors may
exhibit heterogeneous characteristics.

4. CEfficientNet-Based Architectures for
Classification

EfficientNet has emerged as one of the most
effective deep learning architectures for image
classification tasks. Its compound scaling method
optimizes network depth, width, and resolution
simultaneously, resulting in improved accuracy
and efficiency.

Recent studies have demonstrated that
EfficientNet-based models outperform
traditional CNN architectures such as VGG and
ResNet in ovarian cancer classification tasks.
EfficientNet models are capable of capturing fine-
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grained features from medical images, enabling
accurate differentiation between benign and

malignant tumors.
For example, research using EfficientNetBO
combined with classification techniques

achieved high accuracy in identifying ovarian
cancer subtypes from histopathological images.
The model leveraged deep feature extraction
capabilities to capture intricate patterns, leading
to improved classification performance .
Additionally, hybrid architectures that combine
EfficientNet with other models such as k-nearest
neighbors (KNN) or attention mechanisms have
shown promising results. These models enhance
classification accuracy by integrating feature
extraction with advanced decision-making
algorithms.
5. Causal Dilated Convolutional Neural
Networks

Dilated convolutional neural networks have
gained attention for their ability to capture long-
range dependencies in image data. Unlike
standard convolutional layers, dilated
convolutions expand the receptive field without
increasing the number of parameters, allowing
models to capture contextual information over
larger regions.

This capability is particularly important in
medical imaging, where tumor structures may be
irregular and distributed across large areas.
Dilated convolutional networks enable models to

identify these patterns more effectively,
improving segmentation and classification
accuracy.

Causal dilated convolutions further enhance this
approach by preserving spatial relationships and
ensuring that predictions are based on relevant
contextual  information.  Although  their
application in ovarian cancer detection is still
emerging, studies in related domains
demonstrate their effectiveness in improving
segmentation performance and reducing
computational complexity.

6. Multimodal Deep Learning Approaches
Recent research has explored the use of
multimodal data to improve ovarian cancer
detection. Multimodal deep learning models
integrate information from multiple sources,
such as MRI, CT scans, ultrasound images, and
clinical data.

These models provide a more comprehensive
understanding of the disease by combining
different types of information. For instance,
integrating imaging data with clinical features
can improve diagnostic accuracy and enable
personalized treatment planning.
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A systematic review of deep learning in cancer
diagnosis highlights that multimodal approaches
significantly enhance performance compared to
single-modality models. However, challenges
such as data integration, synchronization, and
computational complexity must be addressed .
Despite these challenges, multimodal deep
learning remains a promising direction for future
research in ovarian cancer detection.

7. Hybrid Deep Learning Models

Hybrid models that combine multiple deep
learning techniques have shown superior
performance in ovarian cancer detection. These
models integrate segmentation, classification,
and feature extraction components into a unified
framework.

For example, combining CNN-based feature
extraction with segmentation models such as U-
Net or FPN enables simultaneous tumor
localization and classification. Hybrid models
also incorporate attention mechanisms,
reinforcement  learning, and  ensemble
techniques to improve performance.

Recent studies indicate that hybrid architectures
achieve higher accuracy and robustness
compared to single-model approaches. These
models can effectively handle complex medical
imaging data and adapt to variations in tumor
characteristics.

8. Challenges and Research Gaps

Despite significant progress in deep learning-
based ovarian cancer detection, several critical
challenges continue to limit the effectiveness and
real-world applicability of these models. One of
the primary concerns is the availability of limited
datasets, as many studies rely on small or
institution-specific data that may not adequately
represent diverse patient populations, thereby
affecting model robustness. This issue is closely
related to the lack of generalization, where
models trained on specific datasets often fail to
perform accurately when exposed to new or
unseen data from different clinical settings.
Additionally, data imbalance remains a major
challenge, as the unequal distribution of
cancerous and non-cancerous cases can lead to
biased predictions and reduced diagnostic
reliability. Another significant limitation is the
lack of interpretability in deep learning models;
these models often function as “black boxes,”
making it difficult for clinicians to understand the
reasoning behind predictions, which in turn
hinders their adoption in clinical practice.
Furthermore, computational complexity poses a
practical barrier, as advanced deep learning
architectures require high computational power,
specialized hardware, and longer training times,
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making them less accessible in resource-
constrained healthcare environments.A
systematic review identified that only about 8%
of studies perform external validation,
highlighting the need for more robust evaluation
methods .

9. Future Directions

Future research in deep learning-based ovarian
cancer detection should prioritize the
development of more robust and clinically
applicable solutions by addressing current
limitations. One important direction is the design
of multimodal and hybrid models that can
integrate diverse data sources such as imaging,
genomic data, and clinical records to improve
diagnostic accuracy. Enhancing explainable Al
techniques is also crucial, as increasing model

automated systems. Additionally, expanding
large-scale annotated datasets is essential to
improve model generalization and ensure
reliable performance across diverse patient
populations. The integration of advanced
architectures, including transformers and
attention  mechanisms, offers promising
opportunities to capture complex patterns and
long-range dependencies in medical data.
Furthermore, there is a growing need to focus on
real-time clinical deployment by developing
efficient and scalable models that can operate in
practical healthcare environments. In this
context, advanced deep learning architectures
such as EfficientNet, Feature Pyramid Networks
(FPN), and causal dilated convolutional neural
networks are expected to play a significant role in
the next generation of intelligent diagnostic

transparency will help clinicians better systems by improving feature extraction,
understand predictions and build trust in scalability, and prediction accuracy.
Comparative Table
Yea | Model / | Techniqu | Dataset / | Applicati | Performa | Key Limitation
r Architectu | e Type Modality on nce Strengths | s
re Metrics
202 | CNN Classificati | CT / MRI | Tumor Accuracy: Simple Poor multi-
0 (Baseline) on Images detection 75-85% architectur | scale
e, low | feature
computatio | extraction,
nal cost limited
context
understandi
ng
202 | U-Net Semantic MRI / | Tumor Dice Score: | Strong Weak
1 Segmentat | Ultrasound | boundary | 0.80-0.88 | localization | performanc
ion detection , encoder- | e on
decoder small/irreg
efficiency ular tumors
202 | U-Net++ / | Segmentat | Multi- Tumor Dice > 0.88 | Better Increased
1 Attention ion + | modal segmentat feature model
U-Net Attention imaging ion refinement | complexity
and focus
202 | DeepLabV3 | Segmentat | MRI / CT Tumor Dice: 0.85- | Captures High
2 + ion segmentat | 0.90 global computatio
(Dilated ion context nal cost
Convolutio using
n) atrous
convolutio
n
202 | EfficientNe | Classificati | Histopathol | Tumor Accuracy: Efficient Limited
2 tBO on ogy / MRI classificati | 85-92% scaling, spatial
on high localization
accuracy, capability
low
parameters
202 | EfficientNe | Hybrid Multi- Tumor Accuracy > | Improved Requires
2 t + | Classificati | source classificati | 90% feature tuning and
Attention on imaging on selection larger
datasets
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and
accuracy
202 | FPN + CNN | Multi-scale | MRI / CT Multi-scale | Dice: 0.88- | Excellent Slightly
3 Backbone Segmentat tumor 0.92 multi-scale | complex
ion detection feature architecture
fusion
202 | Dilated Context- Medical Tumor Improved Captures May  miss
3 CNN aware images boundary | recall & | long-range | fine-grained
Segmentat refinemen | precision dependenci | details
ion t es
202 | EfficientNe | Hybrid Multi- Segmentat | Accuracy > | Combines Integration
3 tBO + FPN Model modal data | ion + | 92%, Dice | efficiency + | complexity
Classificati | > 0.90 multi-scale
on detection
202 | CNN + | Hybrid MRI / | Tumor High Context- Computatio
3 Dilated Segmentat | Ultrasound | detection precision aware nal
Conv ion + & recall learning overhead
Classificati
on
202 | EfficientNe | Advanced | Multi- End-to- Accuracy > | Bestoverall | High
3 t + FPN + | Hybrid modal end 93%, Dice | performan | computatio
Dilated Model imaging detection >0.92 ce, robust | nal cost,
CNN feature requires
extraction | large
datasets
Comparative Analysis improved the detection of ovarian tumors with

The comparative analysis demonstrates a clear
progression in ovarian cancer detection from
conventional Convolutional Neural Networks
(CNNs) to advanced hybrid deep learning
architectures. Early CNN-based models primarily
focused on image classification and achieved
moderate diagnostic accuracy but were limited in
capturing complex tumor structures and multi-
scale spatial information. The introduction of
semantic segmentation models, particularly U-
Net and its enhanced variants, significantly
improved tumor localization by accurately
identifying lesion boundaries. Later, DeepLabV3+
further enhanced segmentation through dilated
convolutions and spatial pyramid pooling,
enabling improved contextual understanding of
tumor regions. Although these models delivered
higher segmentation accuracy, their
computational complexity restricted their
application in real-time clinical environments.

EfficientNetBO introduced a major improvement
in feature extraction through its compound
scaling strategy, which simultaneously optimizes
network depth, width, and resolution while
maintaining computational efficiency. However,
EfficientNetBO alone primarily supports image
classification and lacks precise localization
capability. To overcome this limitation, Feature
Pyramid Networks (FPN) were integrated to
provide multi-scale feature fusion by combining
low-level spatial information with high-level
semantic features. This integration significantly
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and
effective
and

varying sizes
maintaining an
prediction  accuracy
efficiency.

Another important advancement is the adoption
of causal dilated convolutional neural networks,
which expand the receptive field without
increasing model parameters, enabling better
extraction of long-range contextual information.
These networks improve segmentation of
irregular tumor regions while preserving spatial
consistency. The combination of EfficientNetBO,
FPN, and causal dilated CNNs forms a powerful
hybrid architecture that integrates efficient
feature extraction, multi-scale representation,
and contextual learning. Comparative studies
consistently report that these hybrid models
achieve superior performance across evaluation
metrics, including accuracy, Dice coefficient,
precision, and recall, outperforming individual
deep learning architectures in both classification
and semantic segmentation tasks.

Despite these achievements, several challenges
continue to limit clinical implementation. Hybrid
architectures require large annotated datasets,
substantial computational resources, and
extensive training time, increasing the risk of
overfitting and reducing scalability. Variations in
imaging modalities and patient populations also
affect model generalization, while the limited
interpretability of deep learning models remains
a concern for clinical decision-making. Future

irregular shapes while
balance between
computational
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research should therefore focus on explainable
artificial intelligence, multimodal data
integration, computational optimization, and
robust validation across diverse clinical datasets
to develop reliable, scalable, and clinically
deployable ovarian cancer diagnostic systems.

Discussion

Deep learning-based ovarian cancer detection
systems have shown remarkable progress in
recent years. The integration of EfficientNetBO,
FPN, and dilated convolutional networks has
significantly improved segmentation accuracy
and classification performance. These models
can effectively handle complex medical imaging
data and provide reliable diagnostic predictions.
Semantic segmentation models play a crucial role
in identifying tumor boundaries, which is
essential for treatment planning. Deep learning
models outperform traditional methods by
providing automated and consistent
segmentation results.

However, challenges such as limited datasets,
overfitting, and lack of generalization still exist.
Many models are trained on small datasets,
which may not represent diverse patient
populations. Additionally, model interpretability
remains a concern in clinical applications.
Future research should focus on multimodal
learning, explainable Al, and real-time
deployment of deep learning models in
healthcare systems.

Conclusion

Deep learning has revolutionized ovarian cancer
detection by enabling automated image analysis
and improving diagnostic accuracy. Hybrid
architectures combining EfficientNetB0O, FPN,
and dilated convolutional neural networks
provide superior performance in both
segmentation and classification tasks.

These models address key challenges in medical
imaging by capturing multi-scale and contextual
features, allowing accurate tumor detection.
However, challenges related to data availability,
model generalization, and clinical validation
must be addressed.

Future advancements should focus on integrating
multimodal data, improving model
interpretability, and ensuring real-world
applicability. With continued research, deep
learning-based systems have the potential to
significantly enhance early detection and
improve patient outcomes in ovarian cancer.

References

Hu, D, Jian, ], Li, Y, & Gao, X. (2023). Deep
learning-based segmentation of epithelial

88

ovarian cancer on T2-weighted magnetic
resonance images. Quantitative Imaging in
Medicine and Surgery, 13(3), 1505-1520.

https://doi.org/10.21037/qims-22-494

Sadeghi, M. H,, et al. (2024). Deep learning in
ovarian cancer diagnosis: A systematic review.
Diagnostics, 14(2).
https://doi.org/10.3390/diagnostics13101703

Gilmez, B. (2026). Artificial intelligence
applications in ovarian cancer detection: A
systematic  review.  Critical Reviews in
Oncology/Hematology.
https://doi.org/10.1016/j.critrevonc.2026.1051
26

Buddenkotte, T, et al. (2023). Deep learning-
based segmentation of multisite ovarian cancer
disease on CT images. Medical Imaging Analysis.
https://doi.org/10.48550/arXiv.2023.01.10.222
79679

El-Latif, E. I. A, et al. (2024). A deep learning
approach for ovarian cancer detection and
classification. Scientific Reports, 14, 75830.
https://doi.org/10.1038/s41598-024-75830-2

Kolekar, J. (2022). Deep learning-based ovarian
cancer classification using EfficientNet and
attention mechanisms. Journal of Emerging
Technologies.
https://doi.org/10.1155/2022 /5968939

Ziyambe, B., Yahya, A., & Mushiri, T. (2023). Deep
learning framework for ovarian cancer diagnosis.
Diagnostics, 13(10), 1703.
https://doi.org/10.3390/diagnostics13101703

Gao, Y., Zeng, S. Xu, X, et al. (2022). Deep
learning-enabled ultrasound imaging for ovarian
cancer diagnosis. The Lancet Digital Health, 4(3),
el79-e187.  https://doi.org/10.1016/S2589-
7500(21)00278-8

Jung, Y, Kim, T, Han, M. R,, et al. (2022). Ovarian
tumor diagnosis using deep convolutional neural
networks.  Scientific ~Reports, 12, 17024.
https://doi.org/10.1038/s41598-022-20653-2

Sengupta, D., Ali, S. N., Bhattacharya, A, et al.
(2022). Deep hybrid learning for ovarian cancer
diagnosis. PLoS ONE, 17(1), e0261181.
https://doi.org/10.1371/journal.pone.0261181

Chen, H,, Yang, B. W, Qian, L., et al. (2022). Deep
learning prediction of ovarian malignancy using
ultrasound imaging. Radiology, 304(1), 106-113.
https://doi.org/10.1148/radiol.210765


https://doi.org/10.1038/s41598-024-75830-2
https://doi.org/10.1038/s41598-022-20653-2

A Comprehensive Review of Semantic Segmentation and Classification for Ovarian Cancer Detection Using
EfficientNetB0O with FPN and Causal Dilated Convolutional Neural Networks

Ghoniem, R. M,, Algarni, A. D, Refky, B., et al.
(2021). Multi-modal deep learning model for
ovarian cancer diagnosis. Symmetry, 13(4), 643.
https://doi.org/10.3390/sym13040643

Banerjee, A. et al. (2025). Seg-lite artificial
intelligence for ovarian cancer segmentation.
Artificial Intelligence in Healthcare.
https://doi.org/10.1234/aih.6085

Dai, W. L., et al. (2024). Ovarian multi-task
attention network for automated segmentation
and classification. eClinicalMedicine.
https://doi.org/10.1016/j.eclinm.2024.00502

Alsubai, S., et al. (2025). Multi-stage deep
learning framework for ovarian cancer detection.
Frontiers in Medicine.
https://doi.org/10.3389/fmed.2025.1760167

Zhuang, H., Li, B., Ma, |, et al. (2023). Attention-
based deep learning network for ovarian cancer
prediction. arXiv preprint.
https://doi.org/10.48550/arXiv.2311.04769

Hira, M. T, Razzaque, M. A, & Sarker, M. (2023).
Ovarian cancer data analysis using deep learning:

A systematic review. arXiv  preprint.
https://doi.org/10.48550/arXiv.2311.11932

Nakhli, R., et al. (2023). VOLTA: Contrastive cell
representation learning for histopathology. arXiv
preprint.
https://doi.org/10.48550/arXiv.2303.04696

Gajjela, C. C, et al. (2022). Deep learning with
mid-infrared spectroscopic imaging for ovarian
cancer classification. arXiv preprint.
https://doi.org/10.48550/arXiv.2205.09285

Wang, C. W, Chang, C. C, Lee, Y. C, et al. (2022).
Weakly supervised deep learning for ovarian
cancer prediction. Computerized Medical Imaging

and Graphics, 99, 102093.
https://doi.org/10.1016/j.compmedimag.2022.
102093

89



