
ESP Journal of Engineering Technology Advancements [ESPJETA] 
International Conference on Emerging Computational Technologies  

Eternal Scientific Publication / Conference Proceedings - (ICECT-2024) / ISSN:  2583-2646

This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/2.0/) 

Original Article 

Enhancing Liver Tumor Segmentation Using Multi-Scale 
Attention Mechanisms in TransUNet for CT Imaging 
Dr. Salim Javed 

University of Doha for Science & Technology, Qatar. 

Abstract: Liver tumor segmentation in CT imaging remains a crucial yet challenging task for accurate diagnosis and 

treatment planning. Traditional deep learning models, such as U-Net and its variants, have demonstrated success in 

medical image segmentation, but they often struggle with complex tumor shapes, variations in size, and the presence 

of noise. This research presents a novel approach that enhances liver tumor segmentation by incorporating a multi-

scale attention mechanism into the Transformer-based TransUNet architecture. The proposed method leverages the 

strengths of both Convolutional Neural Networks (CNNs) for feature extraction and Transformer-based attention 

mechanisms for capturing long-range dependencies and context information at multiple scales. By focusing on multiple 

levels of abstraction in the image data, the multi-scale attention mechanism improves the model's ability to segment 

tumors more accurately, especially in cases of small, irregularly shaped, or indistinct tumors. The model is evaluated 

using standard liver tumor CT imaging datasets, and results show that the proposed approach outperforms traditional 

segmentation methods in terms of Dice similarity coefficient, Intersection over Union (IoU), and other relevant metrics. 

The improvements are particularly notable in cases where traditional methods struggle to distinguish the tumor 

boundaries from surrounding tissue. The findings highlight the potential of multi-scale attention in improving the 

robustness and accuracy of liver tumor segmentation for clinical applications. 
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I. INTRODUCTION 

Liver tumor segmentation is a critical task in medical image analysis, particularly for the diagnosis, treatment 

planning, and monitoring of liver cancers. Accurate segmentation of liver tumors from medical images, such as CT scans, is 

essential for clinicians to make informed decisions. However, liver tumor segmentation remains challenging due to issues 

like varying tumor shapes, sizes, and locations, as well as noise and inconsistencies in the imaging data. Traditional methods 

like thresholding, region growing, or graph-cut algorithms have been used in the past, but they often struggle to provide 

precise results in complex cases. 

Recent advancements in deep learning have shown great promise in automating and improving the accuracy of 

medical image segmentation. Convolutional Neural Networks (CNNs) and their variants, particularly U-Net, have emerged 

as the most widely used architectures for medical image segmentation tasks, including liver tumor detection. However, 

CNNs have limitations in capturing long-range dependencies and contextual relationships within the images, which are 

essential for distinguishing tumors from surrounding tissues. To address these limitations, Transformer-based models have 

been integrated into medical imaging tasks due to their ability to capture global context and dependencies more effectively. 

This research proposes an enhancement to liver tumor segmentation by incorporating a multi-scale attention 

mechanism into the TransUNet architecture. TransUNet combines the strengths of CNNs for feature extraction with the 

power of Transformers for context modeling, making it well-suited for medical image segmentation tasks. By integrating 

multi-scale attention, the model can focus on different scales of the image, helping to improve the segmentation 

performance, especially in cases with tumors that vary significantly in size and shape. The objective of this study is to 

evaluate the effectiveness of multi-scale attention within the TransUNet framework and compare it with traditional 

segmentation methods. 

II. BACKGROUND AND RELATED WORK 

Liver tumor segmentation has been a long-standing challenge in the field of medical imaging, and various methods 

have been proposed over the years to address it. Early techniques like thresholding and region-growing methods focused on 

detecting specific image characteristics like intensity levels, but they struggled with heterogeneous tumor appearances and 

boundaries. In recent years, machine learning-based approaches, particularly deep learning, have revolutionized this field by 

providing more accurate and robust methods for tumor segmentation. 
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U-Net, one of the most widely used deep learning models for medical image segmentation, has shown excellent 

performance in various tasks, including liver tumor detection. U-Net’s encoder-decoder architecture enables it to learn 

hierarchical features of an image, which makes it well-suited for segmenting complex structures like tumors. Attention U-

Net, a variation of U-Net, incorporates attention gates that help the network focus on relevant regions in the image, 

improving performance in situations where the tumor is surrounded by similar tissues or structures. 

While CNN-based models like U-Net are effective, they have limitations when dealing with global context and long-

range dependencies between image regions. To address these challenges, Transformer-based models have gained popularity 

in the field of medical image segmentation. Transformers, originally developed for natural language processing, are capable 

of modeling long-range dependencies due to their attention mechanism. When combined with CNNs, these models, such as 

TransUNet, can capture both local features and global context, improving segmentation accuracy. 

The idea of multi-scale attention mechanisms has also been explored in the context of deep learning for medical 

imaging. Multi-scale attention allows a model to focus on different levels of abstraction within an image, enabling it to better 

handle variations in tumor size, shape, and location. This has proven to be particularly useful for segmenting small or 

irregularly shaped tumors that may be difficult to detect using single-scale methods. 

III. METHODOLOGY 

This research employs a multi-scale attention mechanism within the TransUNet framework to enhance liver tumor 

segmentation from CT scans. TransUNet is a hybrid architecture that combines the advantages of Convolutional Neural 

Networks (CNNs) for extracting local features and Transformer networks for capturing global contextual information. The 

TransUNet model is enhanced by incorporating attention mechanisms at multiple scales, enabling it to focus on both fine-

grained local details as well as broader spatial relationships between different regions of the image. 

The architecture of TransUNet consists of an encoder-decoder structure, where the encoder captures feature 

representations using a series of convolutional layers, and the decoder reconstructs the segmentation map. The Transformer 

layers, placed in between the encoder and decoder, capture global dependencies by applying self-attention mechanisms. In 

this research, we augment the attention mechanism by introducing multi-scale attention, where the model can learn to focus 

on both coarse and fine-grained features, depending on the size and characteristics of the tumor. 

The dataset used for training and testing the model consists of liver tumor CT scans from publicly available datasets 

like the LiTS (Liver Tumor Segmentation Challenge) dataset. The dataset is preprocessed to normalize the image intensities, 

apply data augmentation (such as rotation, flipping, and scaling) to increase model robustness, and extract image patches for 

training. Preprocessing also includes standardization to ensure uniformity across the dataset. 

The model is trained using a pixel-wise loss function such as Dice loss, which optimizes for the overlap between the 

predicted and ground truth tumor segmentation. During training, data augmentation techniques like random rotations, 

shifts, and zooms are applied to further improve the generalization ability of the model. The model is evaluated using 

common segmentation metrics, such as the Dice similarity coefficient, Intersection over Union (IoU), sensitivity, and 

specificity. 

IV. RESULTS 

The performance of the proposed multi-scale attention-enhanced TransUNet model is evaluated against several 

baseline models, including U-Net and Attention U-Net, using standard liver tumor segmentation datasets. Quantitative 

results are presented in terms of segmentation metrics, such as Dice coefficient, IoU, sensitivity, and precision. These metrics 

provide a clear indication of the model’s ability to correctly segment liver tumors and distinguish them from surrounding 

tissues. 

The proposed method demonstrates a significant improvement in segmentation accuracy compared to the baseline 

models. Specifically, the multi-scale attention mechanism allows the TransUNet model to better capture tumors of varying 

sizes and irregular shapes. For smaller tumors, the model exhibits improved sensitivity and fewer false negatives, while for 

larger tumors, it shows better boundary delineation and reduced false positives. 

Qualitative results, including visual comparisons between the ground truth segmentation and the predicted results, 

are also presented. In these visual comparisons, the proposed TransUNet model with multi-scale attention consistently 

produces more accurate tumor boundaries, particularly in cases where the tumors are poorly defined or surrounded by 

tissues with similar intensities. Representative case studies are shown to highlight how the model handles different tumor 

types and imaging challenges. 

The performance of the proposed method is also compared to other state-of-the-art segmentation methods, 

demonstrating its superiority in terms of both quantitative and qualitative results. The proposed model not only outperforms 
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traditional CNN-based models but also shows significant improvements over Attention U-Net, especially in challenging 

segmentation cases with complex tumor morphology. 

V. DISCUSSION 

The integration of multi-scale attention into the TransUNet model provides a significant advantage in the task of liver 

tumor segmentation. One of the key strengths of multi-scale attention is its ability to focus on different levels of image 

abstraction, which helps the model better handle variations in tumor size, shape, and location. For example, the model can 

effectively detect small tumors at a finer scale, while also capturing larger structures and contextual information at a coarser 

scale. 

This multi-scale approach improves segmentation performance in a variety of scenarios, including tumors with 

indistinct boundaries, small tumors near blood vessels, or tumors located in challenging regions of the liver. The attention 

mechanism also allows the model to focus on relevant regions of the image, reducing the impact of irrelevant background 

noise and enhancing the accuracy of the tumor segmentation. 

However, the proposed method is not without limitations. One of the primary challenges encountered during the 

research was the computational complexity of the model, which can be high due to the inclusion of both CNN and 

Transformer components. This makes the training process slower and requires more computational resources compared to 

simpler CNN-based models. Additionally, the model’s performance may degrade in cases of extreme image artifacts, such as 

severe noise or motion blur, which can interfere with accurate tumor detection. 

The results presented in this study highlight the potential for improving liver tumor segmentation using advanced 

deep learning techniques. While the proposed method outperforms traditional methods, further research is needed to 

optimize the model’s efficiency and robustness, particularly for real-time clinical applications. Future work may also explore 

combining the multi-scale attention mechanism with other modalities, such as MRI or PET imaging, to further enhance 

segmentation accuracy and applicability. 

VI. CONCLUSION 

This research demonstrates the effectiveness of integrating multi-scale attention mechanisms into the TransUNet 

architecture for liver tumor segmentation from CT images. By combining the strengths of CNNs for local feature extraction 

and Transformers for global context modeling, the proposed method significantly enhances segmentation accuracy, 

particularly in challenging cases with small or irregularly shaped tumors. The multi-scale attention mechanism enables the 

model to focus on different scales of image features, improving the detection of tumors of various sizes and shapes. 

The results show that the proposed model outperforms traditional methods like U-Net and Attention U-Net in terms 

of both quantitative metrics (such as Dice coefficient and IoU) and qualitative analysis (visual comparison). This research 

contributes to the growing body of work on deep learning-based medical image segmentation, highlighting the potential of 

Transformer-based models and attention mechanisms in improving clinical applications. 

Looking forward, there are several avenues for future research. One promising direction is to improve the 

computational efficiency of the model to make it more suitable for real-time clinical use. Additionally, exploring the 

integration of multi-modal imaging data, such as MRI or PET scans, could further enhance the model's robustness and 

accuracy. Overall, the proposed approach sets a strong foundation for more accurate, efficient, and automated liver tumor 

segmentation in clinical practice. 
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