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Abstract

Three-dimensional (3D) tumor segmentation from medical imaging modalities such as MRI, CT,
and PET is crucial for accurate diagnosis, therapy planning, and monitoring of cancer patients.
Recent advances in machine learning, particularly deep learning, have significantly improved
the precision, automation, and robustness of segmentation models. This survey reviews and
synthesizes the state-of-the-art developments from 2023 to mid-2024 on optimized machine
learning models for 3D tumor segmentation. We focus on architectures including convolutional
neural networks (CNNs), U-Net variants, Transformer-based frameworks, hybrid approaches,
and generative methods tailored for volumetric segmentation. The survey analyzes
methodologies, datasets, advantages, and limitations of at least 20 notable studies. A
comprehensive comparison table is provided to assist understanding of common trends and
gaps. The paper concludes by outlining future research directions addressing challenges like
computational efficiency, data scarcity, model generalizability, and interpretability to inspire
next-generation optimized 3D tumor segmentation models.
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1. INTRODUCTION

Accurate segmentation of tumors from 3D medical imaging volumes (MRI, CT, PET) remains a
challenging but essential task in clinical oncology. Manual delineation, though the gold standard,
is time-consuming and subject to inter- and intra-observer variability. Automated and optimized
machine learning (ML) models therefore promise enhanced efficiency, reproducibility, and
precision.

Deep learning methods, especially convolutional neural networks (CNNs), have been highly
effective for medical image segmentation because they learn hierarchical feature
representations. The 3D U-Net architecture and its variants are particularly popular due to their
encoder-decoder design with skip connections that preserve spatial context during volumetric
segmentation. Recently, Transformers, originally designed for natural language processing, have
been adapted to capture long-range dependencies and global context in volumetric data,
further boosting tumor segmentation performance.

However, 3D tumor segmentation models must overcome challenges such as low-contrast
tumor boundaries, heterogeneity in tumor shape and appearance, scarcity of annotated
datasets, and the high computational cost of volumetric processing. This survey focuses on
recent literature from 2023 to 2024, presenting a comprehensive critical overview of machine
learning approaches, their datasets, and key results, aiming to inform and assist researchers in
developing optimized, clinically deployable 3D tumor segmentation models.
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2. LITERATURE SURVEY

The following summarizes 20 recent, influential papers addressing optimized machine learning
models for 3D tumor segmentation, with focus on methodology, strengths, and limitations.

Li et al. (2024) introduced a 3D Swin Transformer framework that integrates hierarchical self-
attention mechanisms to effectively capture both local and global context in brain tumor MRI
segmentation. Their model showed superior accuracy on BraTS datasets but faced high
computational demands [1]. Zhang et al. (2024) proposed a hybrid CNN-Transformer model
blending U-Net's local feature extraction with Transformer's global attention, improving
generalization across multiple MRI modalities. However, it requires large annotated datasets for
training [2]. Kumar et al. (2023) developed a lightweight 3D U-Net variant optimized for real-
time tumor segmentation, trading slight accuracy loss for significantly faster inference and
lower memory usage, suitable for resource-constrained deployment [3].

Wang et al. (2024) proposed CBR U-Net, a cascaded architecture emphasizing boundary
refinement in tumor segmentation, improving segmentation edge quality at the expense of
longer training times [4]. Ye et al. (2024) combined DenseNet features with novel attention
modules for liver tumor segmentation on the LTS dataset, achieving high Dice scores but
showing overfitting tendencies with limited data [5]. Ahmed et al. (2024) presented DU-Net++,
integrating dual attention layers with dense skip connections to boost brain tumor
segmentation accuracy, although it significantly increased memory requirements [6].

Patel et al. (2023) employed generative adversarial networks (GANs) to augment tumor
segmentation datasets, mitigating data scarcity but encountering GAN training instability
issues [7]. Rezaei et al. (2024) used a multi-view 3D CNN processing axial, coronal, and sagittal
slices to provide a richer tumor representation, boosting accuracy but with increased
computational and memory overhead [8]. Smith et al. (2023) introduced self-supervised
contrastive pretraining for 3D tumor segmentation, enabling good performance with fewer
labeled examples but adopting a complex training pipeline [9].

Chen et al. (2024) developed AdaSeg, an adaptive transformer architecture combining cross-
scale attention mechanisms with CNN encoders, achieving robustness across varying tumor
sizes but demanding high computational resources [10]. Gao et al. (2024) designed multi-scale
CNNs that fuse features at different resolutions for lung tumor segmentation. The approach
excelled at localization but was somewhat sensitive to input noise . Lin et al. (2023) proposed a
semi-supervised GAN framework generating pseudo-labels for tumor segmentation to reduce
annotation demands, with success dependent on pseudo-label quality .

Huang et al. (2024) developed dual-encoder transformers for multi-modal tumor segmentation
combining CT and MRI images, enhancing robustness to domain heterogeneity but increasing
network complexity . Das et al. (2023) incorporated edge-awareness into a 3D U-Net to better
capture pancreatic tumor boundaries, achieving high accuracy confined to domain-specific
tumors with limited generalization . Roy et al. (2024) augmented V-Net with transformer
bottlenecks to improve semantic consistency in segmentation, at the expense of longer training
times . Subramanian et al. (2024) applied AutoML-based neural architecture search to optimize
tumor segmentation models, automatically tuning hyperparameters but incurring heavy
computational cost .

Abraham et al. (2024) introduced a continual learning framework to incrementally learn across
tumor datasets without full retraining, with partial mitigation of catastrophic forgetting . Fang
et al. (2024) addressed domain adaptation challenges for cross-hospital tumor datasets using
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adversarial training, improving model generalizability but requiring sensitive hyperparameter
tuning . Rao et al. (2024) demonstrated ensemble methods combining U-Net, ResNet, and
transformer models to attain robust segmentation performance, trading off increased inference

times .

Kim et al. (2023) integrated explainable Al techniques using saliency maps with

segmentation models to aid interpretability and clinician trust, slightly compromising

segmentation accuracy .

Table 1: Comparison Table

S.No. Author’s Methodology Pros Cons
Name & Year
High accuracy;
Li et al. [1], 3D Swin | captures long- | . .
1. High computational cost
2024 Transformer range
dependencies
CNN + | Improved
Zhang et al. P o Requires large labeled
2. Transformer generalization
[2], 2024 . . data, less accuracy
Hybrid across modalities
Kumar et al. Lightweight 3D | Fast inference; .
3. . Slightly lower accuracy
[3], 2023 U-Net resource-efficient
Cascaded
Better tumor
Wang et al. Boundary o
4, i boundary Slower training
[4], 2024 Refinement U- . .
delineation
Net
Dense . . .
Ye et al. [5], ) High Dice on liver | . o
5. Attention Risk of overfitting
2024 tumors
Network
. Strong
Ahmed et al. | Dual Attention ) ) )
6. segmentation Memory intensive
[6], 2024 U-Net++
performance
GAN-based
Patel et al. [7], | Data Mitigates data L .
7. . ) GAN training instability
2023 Augmentation | scarcity
+ CNN
. o Multi-perspective . .
Rezaeietal. | Multi-view 3D High  computation &
8. tumor
[8], 2024 CNN . memory
understanding
Self-supervised
Smith et al. P i Effective with few . L
9. Contrastive Complex training pipeline
[9], 2023 . labels
Learning
Adaptive
Chen et al. Robust across . o
10. Transformer . High training cost
[10], 2024 tumor sizes
(AdaSeg)
11. Gao et al.2024 | Multi-scale Good localization | Sensitive to input noise
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CNN Fusion

Semi- Performs with
) ) o Dependent on pseudo-
12. Lin et al.2023 | supervised limited )
. label quality
GAN annotations
Dual Encoder | Effective with
Huang et Increased model
13. Transformer heterogeneous )
al.2024 . complexity
(Multi-modal) data
Sharp tumor
Das et al., Edge-aware 3D o o
14. boundary Limited generalizability
2023 U-Net .
detection
V-Net + | Improved
Roy et al., . . .
15. 2024 Transformer semantic Increased training time
Bottleneck consistency
. AutoML Neural | Optimized )
Subramanian . . Computationally
16. Architecture architecture and .
etal., 2024 expensive
Search hyperparameters
Continual ) ) )
Abraham et . Adaptation over | Catastrophic  forgetting
17. Learning . .
al., 2024 time persists
Framework
Domain
18 Fang et al., Adaptation via | Generalizes Sensitive
' 2024 Adversarial across hospitals hyperparameters
Training
Ensemble
Rao et al., Learning (U- | Robust across ) )
19. Slow inference times
2024 Net, ResNet, | datasets
Transformer)
. Explainable Al o
Kim et al., ) . Enhances clinician . )
20. with  Saliency Slight accuracy reduction
2023 trust
Maps

3. COMPARATIVE STUDY OF METHODS
1. Architecture-Centric Methods
These methods focus primarily on the design and structure of neural networks employed to

capture relevant features from medical images. Architectures such as U-Net and V-Net are

foundational convolutional neural network (CNN) types specifically tailored for medical

image segmentation. U-Net uses a symmetric encoder-decoder structure with skip

connections that preserve spatial information and allow for precise boundary recovery,

making it highly effective in 2D biomedical segmentation tasks. V-Net extends this paradigm

into three dimensions to handle volumetric data typical in MRI and CT scans, enabling

volumetric feature learning and segmentation [15].

More recently, Swin Transformers—a hierarchical vision transformer architecture exploiting

shifted window-based self-attention—offer improved scalability and the ability to model
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long-range dependencies effectively. They achieve superior performance by capturing both
local and global contextual features, essential in complex anatomical structures where global
spatial relations are important. Transformer-based models like DS-TransUNet and nnFormer
exemplify this trend, demonstrating enhanced segmentation accuracy through integrating
self-attention with CNN backbones [16]-[18].
2. Learning Strategies
This category focuses on methods that improve training efficiency, robustness, and
adaptability, especially in scenarios complicated by limited annotated data or domain
variability:
® Self-supervised learning leverages unlabeled data by formulating proxy tasks (e.g.,
masked image modeling) that encourage the model to learn meaningful
representations without expensive annotations [19].
® Semi-supervised learning combines limited labeled data with abundant unlabeled
data, enhancing generalization and mitigating annotation scarcity.
® Generative Adversarial Networks (GANs) are used for data augmentation and
synthesizing realistic medical images to increase dataset diversity or to perform
domain adaptation, improving model robustness against distribution shifts.
® Continual learning addresses the need for models to update incrementally as new
data or tasks emerge without catastrophic forgetting, critical in evolving clinical
settings [20].
These learning strategies enhance the model’s capability to learn effectively from
heterogeneous and limited datasets typical in medical imaging.

3. Fusion Techniques
Fusion methods are designed to combine information from multiple data sources or feature
representations to enrich the input to the model and improve segmentation accuracy:
® Multi-modal MRI/CT fusion integrates complementary imaging modalities, such as
combining MRI's soft tissue contrast with CT's spatial resolution, allowing models
to leverage synergistic information that no single modality provides alone [21].
® Attention fusion mechanisms dynamically weight and merge feature maps or
modalities by selectively focusing on the most relevant information, using the self-
attention principles inherent in Transformer models to emphasize diagnostically
valuable features [18][22].
IHS (Intensity-Hue-Saturation) Transform 2. Principal Component Analysis (PCA) 3. Pyramid
techniques 4. High pass filtering 5. Wavelet Transform 6. Artificial Neural Networks 7.
Discrete Cosine Transform
Such fusion techniques enable the integration of diverse and multi-scale medical image data,
improving the robustness and accuracy of segmentation outcomes.
4. Optimization Tools
These methods are aimed at refining model performance, adaptability, and deployment
efficiency:
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® AutoML (Automated Machine Learning) automates the search for optimal
architectures and hyperparameters, reducing manual effort and computational
cost.
® Ensemble methods combine multiple trained models to reduce prediction variance,
improve accuracy, and increase reliability in clinical settings.
® Domain adaptation techniques address distribution mismatches between source
(training) and target (deployment) domains, enabling models trained on one
patient population or scanner type to generalize effectively to others. Transformer
architectures, with their capacity to model attention-based hierarchical
consistencies, are particularly suited for this purpose [21].
These tools facilitate model generalization, robustness, and ease of application across
diverse clinical environments.

4. CONCLUSION

Recent advances in machine learning tailored to 3D tumor segmentation have shown great

promise in improving accuracy, efficiency, and robustness in medical imaging applications. The

surveyed literature highlights several emerging trends between 2023 and 2024, including:

® Increasing use of Transformer-based architectures or hybrid CNN-Transformer models to
better capture both local details and global contexts within volumetric data, despite
associated computational costs [1][2][10].

® Lightweight and efficient network designs to enable real-time and resource-constrained
segmentation without severely compromising accuracy [3].

® Enhanced attention mechanisms, multi-scale feature fusion, and boundary refinement
improving fine tumor delineation [4][5][6].

® I|nnovative learning paradigms such as self-supervised, semi-supervised, and continual
learning to alleviate reliance on extensive labeled datasets and adapt to heterogeneous
data [9].

® Addressing domain shifts and generalization challenges via domain adaptation methods,
multi-modal fusion, and ensemble learning to improve clinical deployment feasibility .

® Incorporation of interpretability and explainability techniques essential for clinical trust
and adoption .
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