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Abstract: Accurate liver tumor segmentation in CT scans is critical for effective diagnosis and treatment planning in 

hepatocellular carcinoma (HCC). However, the availability of annotated datasets is often limited, making it difficult to 

train robust deep learning models. This research addresses the challenge of liver tumor segmentation in a few-shot 

learning scenario by proposing a novel approach that integrates the TransUNet architecture with meta-learning 

techniques. TransUNet combines the strengths of the Transformer model for capturing long-range dependencies and 

the U-Net for efficient segmentation in medical images. To enhance generalization performance in limited data 

settings, meta-learning is employed to enable the model to adapt quickly to new, unseen tasks with minimal labeled 

data. We evaluate our model on publicly available liver CT scan datasets and demonstrate its superiority in terms of 

segmentation accuracy compared to conventional models. Our results show that incorporating few-shot learning with 

TransUNet and meta-learning leads to improved segmentation performance, making it a promising approach for real-

world clinical applications where labeled data is scarce. 
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I. INTRODUCTION 

 Liver tumor segmentation plays a crucial role in clinical decision-making, especially for patients diagnosed with 

hepatocellular carcinoma (HCC). Accurate segmentation helps in determining the tumor's size, shape, and location, 

providing vital information for treatment planning such as surgery, ablation, or radiation therapy. However, the challenge of 

accurately segmenting liver tumors in medical images, particularly CT scans, is compounded by several factors: the tumor’s 

variability in appearance, the presence of noise and artifacts in medical images, and, most importantly, the lack of large-

scale, annotated datasets for training deep learning models. Traditional machine learning techniques often require large 

labeled datasets to train robust models, but acquiring sufficient annotations for medical imaging can be time-consuming and 

expensive. 

 This research addresses these issues by investigating the application of Few-Shot Learning (FSL) in liver tumor 

segmentation. Few-Shot Learning is a branch of machine learning that focuses on training models to learn from only a few 

examples, making it particularly useful in domains where labeled data is scarce. In this work, we propose a novel method 

that leverages the TransUNet architecture, a hybrid model that combines the strengths of U-Net and Transformer networks, 

for accurate segmentation of liver tumors. Additionally, we integrate meta-learning techniques to further improve the 

model’s ability to generalize and adapt quickly to new, unseen tasks with minimal annotated data. The overall objective of 

this research is to enhance segmentation performance in low-data scenarios and demonstrate the potential of few-shot 

learning in clinical medical image analysis. 

II. RELATED WORK 

 Liver tumor segmentation has been extensively studied, with traditional methods focusing on thresholding, region-

growing, and edge-detection techniques. However, these methods often fail to capture the complexity and variability 

inherent in medical images. In recent years, deep learning models, especially convolutional neural networks (CNNs), have 

demonstrated significant success in automated medical image segmentation tasks. U-Net, one of the most popular 

architectures for medical image segmentation, has become a standard due to its efficient use of spatial context and ability to 

handle relatively small datasets. 

 Despite the success of deep learning, the problem of insufficient labeled data remains a significant bottleneck in 

medical imaging tasks. Few-Shot Learning (FSL) has emerged as a promising solution to this problem. FSL aims to train 

models that can learn from very few examples, using techniques like transfer learning, metric learning, and data 

augmentation. Among these, meta-learning is particularly well-suited for few-shot tasks, as it focuses on teaching models 

how to adapt quickly to new tasks by learning a prior over tasks. 
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 The TransUNet architecture, a hybrid model combining transformers and U-Net, has recently shown significant 

promise in medical image segmentation. Transformer networks, known for their ability to capture long-range dependencies 

and contextual information, are used to enhance U-Net’s ability to segment complex anatomical structures. Meta-learning 

approaches, such as Model-Agnostic Meta-Learning (MAML), have also been successfully applied to few-shot learning 

problems in medical imaging, enabling models to adapt to new tasks with minimal data. This work aims to build upon these 

existing methods by integrating TransUNet with meta-learning to address the liver tumor segmentation challenge in a few-

shot setting. 

III. METHODOLOGY 

 The methodology section outlines the approach taken to tackle the liver tumor segmentation task using Few-Shot 

Learning, TransUNet, and meta-learning techniques. 

A. Data Acquisition and Preprocessing: 

 We use publicly available liver tumor datasets, such as the LiTS (Liver Tumor Segmentation Challenge) dataset and 

3DIRCADb, which contain annotated CT scan images of the liver with tumor regions labeled. Preprocessing steps include 

image normalization, rescaling, and augmentation techniques like rotation, flipping, and elastic deformations to artificially 

expand the dataset. Augmentation is especially critical in few-shot learning settings as it helps to mitigate overfitting on the 

limited annotated data. 

B. Model Architecture: 

 The proposed model architecture is based on the TransUNet framework, which integrates the U-Net structure for 

pixel-level segmentation with a Transformer-based encoder-decoder architecture. The U-Net part is responsible for 

efficiently capturing local features and spatial hierarchies, while the Transformer component captures long-range 

dependencies within the CT images, which are crucial for understanding complex tumor shapes and structures. This hybrid 

model architecture allows the network to process both fine-grained details and global contextual information, improving 

segmentation accuracy. 

C. Few-Shot Learning with Meta-Learning: 

 In order to improve the model's ability to generalize to unseen liver tumor images with limited annotated data, we 

employ a meta-learning approach. Specifically, we use the Model-Agnostic Meta-Learning (MAML) algorithm. MAML trains a 

model to learn an initialization that can be fine-tuned rapidly with a small number of gradient steps on new tasks. This 

allows the network to perform well even with limited examples for each specific tumor class. The few-shot learning setup is 

designed to simulate a real-world scenario where annotated medical images are scarce, and the model must adapt quickly to 

new, unseen cases. 

D. Loss Functions and Evaluation Metrics: 

 The segmentation task is framed as a pixel-wise classification problem. We use a combination of cross-entropy loss 

and Dice loss, a metric commonly used in medical image segmentation, to guide the model’s optimization process. The Dice 

coefficient measures the overlap between the predicted segmentation mask and the ground truth, with values closer to 1 

indicating better segmentation accuracy. In addition, we evaluate the model using other metrics like Intersection over Union 

(IoU) and pixel accuracy to assess both global and local segmentation performance. 

IV. EXPERIMENTS 

In the experiments section, we describe the experimental setup and methodology for evaluating the proposed model. 

A. Experimental Setup: 

 The experimental setup involves training the proposed model on a subset of the liver tumor CT scan dataset, followed 

by testing it on a separate validation set. For few-shot learning, we consider different few-shot settings, such as 1-shot (one 

labeled example per class), 5-shot, and 10-shot learning. Data augmentation plays a critical role in improving the 

generalization ability of the model by artificially increasing the variety of input images. We also experiment with different 

hyperparameter configurations, including learning rates, batch sizes, and the number of meta-learning iterations. 

B. Baseline Comparison: 

 To assess the performance of the proposed approach, we compare it with baseline models that include conventional 

deep learning architectures such as U-Net, as well as other few-shot learning models applied to medical image segmentation. 

These baselines serve as benchmarks to evaluate the improvements brought by combining TransUNet with meta-learning. 

C. Results and Analysis: 

 We present both quantitative and qualitative results. Quantitative metrics include the Dice coefficient, IoU, and pixel 

accuracy, which provide insights into the overall segmentation performance. Qualitative results, such as visual segmentation 
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overlays, help demonstrate the model's ability to capture tumor boundaries accurately. The results show that the integration 

of few-shot learning and meta-learning significantly improves segmentation performance compared to traditional methods, 

even with a limited number of annotated samples. 

V. DISCUSSION 

The discussion section delves into the strengths, limitations, and implications of the proposed model. 

A. Strengths: 

 The primary strength of this approach lies in its ability to perform accurate liver tumor segmentation with very few 

labeled examples. By leveraging the power of meta-learning, the model is able to generalize better to new tumor cases, which 

is crucial in medical imaging where annotated data is scarce. The hybrid TransUNet architecture also effectively captures 

both local and global features, improving segmentation accuracy compared to traditional CNN-based models. 

B. Limitations: 

 Despite the promising results, several limitations exist. The proposed method still requires some labeled data for 

training, and its performance may degrade in extremely low-data scenarios, such as when fewer than five labeled examples 

are available. Additionally, the computational cost of training transformer-based models can be high, which may limit the 

scalability of the approach in real-world settings. 

C. Practical Implications: 

 The practical implications of this work are significant, as it offers a potential solution to the problem of limited 

labeled data in medical image segmentation. By enabling accurate liver tumor segmentation with minimal annotations, this 

method can help clinicians in resource-constrained environments or where expert annotation is scarce. Furthermore, this 

approach can be extended to other medical imaging tasks that suffer from similar data limitations. 

D. Future Directions: 

 Future work can focus on improving the model’s robustness to extremely low-shot scenarios and reducing 

computational requirements. Additionally, incorporating multi-modality data (e.g., combining CT with MRI) and exploring 

transfer learning from related tasks may further enhance performance. Another exciting direction is the use of unsupervised 

or semi-supervised learning methods in conjunction with few-shot learning to reduce reliance on labeled data. 

VI. CONCLUSION 

 In conclusion, this research presents a novel approach for liver tumor segmentation in CT scans by integrating Few-

Shot Learning, TransUNet, and meta-learning techniques. The proposed method demonstrates the potential to improve 

segmentation accuracy in scenarios with limited labeled data, which is common in medical imaging tasks. Through extensive 

experiments, we show that the combination of Transformer and U-Net architectures, along with the meta-learning strategy, 

leads to significant improvements in segmentation performance, making it a promising solution for clinical applications. The 

findings of this study not only advance the state-of-the-art in liver tumor segmentation but also pave the way for more 

effective use of limited data in medical image analysis. Future research can explore expanding this approach to other types of 

tumors or medical imaging tasks and further optimize the model for real-world clinical settings. 
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