Pre prints.org

Article Not peer-reviewed version

Multi-scale Convolutional Attention and
Structural Re-parameterized Residual-
based 3D U-Net for Liver and Liver
Tumor Segmentation from CT

Ziwei Song , Weiwei Wu ", Shuicai Wu "

Posted Date: 22 January 2025
doi: 10.20944/preprints202501.1547v1

Keywords: liver and tumor segmentation; 3D U-Net; multi-scale convolutional attention; structural re-
parameterization; multi-feature extraction

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/3481609
https://sciprofiles.com/profile/3486780
https://sciprofiles.com/profile/595578

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 January 2025 d0i:10.20944/preprints202501.1547.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Multi-Scale Convolutional Attention and Structural
Re-Parameterized Residual-Based 3D U-Net for Liver
and Liver Tumor Segmentation from CT

Ziwei Song !, Weiwei Wu 2* and Shuicai Wu *

1 Department of Biomedical Engineering, College of Chemistry and Life Sciences, Beijing University of
Technology, Beijing 100124, China

2 College of Biomedical Engineering, Capital Medical University, Beijing 100069, China

* Correspondence: weiweiwu@ccmu.edu.cn (W.W.); wushuicai@bjut.edu.cn (S.W.)

Abstract: Accurate segmentation of the liver and liver tumors is crucial for clinical diagnosis and
treatment. However, the task poses significant challenges due to the complex morphology of tumors,
indistinct features of small targets, and the similarity in grayscale values between the liver and
surrounding organs. To address these issues, this paper proposes an enhanced 3D U-Net architecture,
named ELANRes-MSCA- UNet. By incorporating a structural re-parameterized residual module
(ELANRes) and a multi-scale convolutional attention module (MSCA), the network significantly
improves feature extraction and boundary optimization, particularly excelling in segmenting small
targets. Additionally, a two-stage strategy is employed, where the liver region is segmented first,
followed by the fine-grained segmentation of tumors, effectively reducing false positive rates.
Experiments conducted on the LiTS2017 dataset demonstrate that ELANRes-MSCA-UNet achieves
Dice scores of 97.2% and 72.9% for liver and tumor segmentation tasks, respectively, significantly
outperforming other state-of-the-art methods. These results validate the accuracy and robustness of
the proposed method in medical image segmentation and highlight its potential for clinical
applications.

Keywords: liver and tumor segmentation; 3D U-Net; multi-scale convolutional attention; structural
re-parameterization; multi-feature extraction

1. Introduction

Primary liver cancer is the seventh most common cancer worldwide, posing a significant threat
to human life and health. According to the latest statistics, liver cancer ranks as the second leading
cause of cancer-related deaths and the fourth most prevalent cancer in China [1]. Computed
Tomography (CT) is currently one of the most widely used diagnostic methods for liver lesions. CT
imaging provides essential information regarding the morphology, quantity, location, and
boundaries of liver tumors, making the effective segmentation of liver tumor regions based on CT
images highly valuable for clinical applications. However, challenges remain due to the similarity in
grayscale values between the liver and surrounding organs in CT images, significant inter-patient
variability, and the fact that liver tumors can appear at any location with indistinct boundaries.
Consequently, the three-dimensional (3D) segmentation of the liver and liver tumors remains a
highly complex task [2].

Before 2016, most automatic liver and tumor segmentation methods relied on traditional
machine learning techniques. These approaches included methods based on shape and geometric
priors, intensity distribution, and spatial context for liver segmentation [3-7], as well as thresholding,
spatial regularization, or local features combined with learning algorithms for tumor segmentation
[8-12]. However, these methods were characterized by low efficiency, limited robustness, and a
reliance on manual adjustment of numerous parameters, often requiring expert experience.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Since the first related paper was published at MICCAI in 2016, deep learning methods have
gradually become the preferred approach for liver and tumor segmentation tasks. Christ et al. [13]
were the first to apply the 3D U-Net architecture for this purpose, introducing a cascaded
segmentation strategy combined with 3D conditional random fields for refinement. Subsequently,
numerous deep learning approaches have been developed and evaluated using the publicly available
LiTS dataset [14]. The accessibility of this dataset has facilitated the proposal of various novel deep
learning solutions for liver and tumor segmentation. Among these, U-Net-based architectures have
been extensively adopted and modified to enhance segmentation performance.

For example, Li et al. [15] proposed the H-Dense UNet with hybrid dense connections, which
effectively optimized in-slice features and 3D contextual information, resulting in improved
segmentation accuracy. Dey et al. [16] designed a cascaded model that utilized a 2D deep
convolutional network to segment the liver and larger tumor regions, followed by a 3D network to
handle smaller tumors, thereby enhancing segmentation accuracy in complex scenarios. Han et al.
[17] introduced a 2.5D deep CNN that integrated long-range connections from U-Net with short-
range residual connections from ResNet, creating a deeper and wider architecture while retaining
compatibility with 3D information. Gruber et al. [18] compared two segmentation schemes: direct
end-to-end segmentation using a 2D U-Net and a cascaded approach employing two 2D U-Nets. In
the latter approach, the liver region was segmented first, and the region of interest (ROI) was
extracted for subsequent tumor segmentation, demonstrating superior segmentation performance. Bi
et al.[19] developed a novel cascaded ResNet architecture with multi-scale fusion, achieving excellent
boundary segmentation between the liver and lesions. Kaluva et al. [20] utilized a densely connected
full CNN (DenseNet) for fully automated, two-stage cascaded segmentation of the liver and tumors.
Deng et al. [21] combined a 3D densely connected network with a level set method to dynamically
adjust segmentation parameters and initialize local segmentation windows, enabling precise tumor
boundary detection and segmentation. Additionally, Liu et al. [22] proposed a spatial feature fusion
convolutional network that efficiently segmented both the liver and tumors from CT images.

These studies introduced techniques such as multi-scale modeling, cascaded segmentation, and
dense connections, offering efficient solutions for liver and tumor segmentation while significantly
improving segmentation performance. Notably, the nn-UNet, proposed during the MICCAI 2018
LiTS challenge [23], has been recognized as one of the top-performing methods for 3D image
segmentation tasks. Since then, 3D deep learning models have gained widespread popularity,
frequently outperforming 2.5D and 2D models without the need for more complex preprocessing
steps.

This paper introduces the ELANRes-MSCA-UNet model, an enhancement of the 3D U-Net
architecture, which integrates the ELANRes residual module and the MSCA multi-scale
convolutional attention module. A two-stage learning strategy is employed, wherein the liver region
is segmented first, followed by tumor segmentation within the liver. This approach effectively
enhances the accuracy of small-target segmentation and reduces false positives. By combining multi-
scale modeling and boundary optimization, the model strikes a balance between global feature
extraction and local detail refinement, leading to significant improvements in segmentation accuracy
and robustness. The remainder of this paper is structured as follows: Section 2 provides a detailed
description of the proposed method; Section 3 presents the experimental design and results analysis;
and Section 4 concludes the paper.

2. Methods

2.1. Methodology Workflow

This paper proposes a high-precision liver and liver tumor segmentation method based on a
two-stage strategy. The workflow, illustrated in Figure 1, consists of four main components: data
preprocessing, liver segmentation (first stage), tumor segmentation (second stage), and post-
processing. The details are as follows: (1) Data Preprocessing: Threshold segmentation and
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morphological operations are initially applied to generate a body mask from the original CT images,
which is used to crop the effective abdominal region. The cropped images are then downsampled
and normalized, with the spatial resolution uniformly adjusted to 0.5 mm x 0.5 mm x 1.0 mm (where
the x and y axes are halved from the original resolution, while the z-axis remains unchanged). CT
intensity values are truncated to the range of -200 to 200 HU and normalized to a 0-1 range using a
normalization factor of 200.0, providing standardized inputs for training the deep neural networks.
(2) Liver Segmentation (First Stage): The proposed ELANRes-MSCA-UNet network is employed to
accurately locate and segment the liver region from abdominal CT images, laying the foundation for
subsequent tumor segmentation. This stage aims to minimize interference from non-liver tissues,
ensuring a reliable liver region mask. (3) Tumor Segmentation (Second Stage): Using the liver mask
generated in the first stage, tumor segmentation is confined to the liver region. By extracting tumor
features within this specific area, interference from other tissues is eliminated, reducing tumor
localization complexity and improving segmentation accuracy. Tumor segmentation also utilizes the
ELANRes-MSCA-UNet network, which is independently trained to optimize tumor segmentation
performance. (4) Post-Processing: The largest connected component method is applied to the liver
segmentation results to remove false positive regions, ensuring the reliability of the segmentation
output. The liver and tumor segmentation results are then combined, restored to the spatial position
of the original CT image, and interpolated to match the original image size, producing the final
prediction output.

This two-stage segmentation strategy optimizes liver and tumor segmentation tasks step by step,
significantly improving segmentation accuracy and robustness.

Input CT Image -
| :

Cropping,
Downsampling,
Normalization
!

Preprocessed

17 CTlmage |

Liver Segmentation T

— Segmentation
Model Result
'
Merging

Cropping L { Fimal
and Scaling 3
I S i Segmentation
Tumor .| Liver Region Size Result
SegmentatiModel CT Image
|7 Tumor
Segmentation

Result

Figure 1. Liver and liver tumor segmentation flow chart.

2.2. Proposed ELANRes-MSCA-UNet Network

To address the challenges of medical image segmentation, including complex target
morphology, multi-scale features, and blurred boundaries, this paper proposes a novel network
architecture called ELANRes-MSCA-UNet. Building upon the classical 3D U-Net and inspired by the
design principles introduced by Ding et al. [24-26], the network incorporates a structurally re-
parameterized residual module (ELANResBlock) and a multi-scale convolutional attention module
(MSCABIlock) into the 3D U-Net framework. These enhancements significantly improve the
network’s feature extraction capabilities and segmentation accuracy, while maintaining high
computational efficiency for tackling complex medical image segmentation tasks.

As shown in Figure 2, the ELANRes-MSCA-UNet consists of four main components: an encoder,
a decoder, a bottleneck layer, and skip connections. The encoder progressively extracts multi-scale
features through downsampling, while the decoder incrementally restores spatial resolution through
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upsampling and refines the segmentation results by integrating features from the encoder. The
bottleneck layer, acting as a critical bridge between the encoder and decoder, fuses multi-scale
contextual features to provide high-level semantic information. Skip connections transfer high-
resolution features from the encoder to the decoder via channel-wise concatenation, effectively
mitigating information loss caused by downsampling. Finally, the network outputs high-resolution
segmentation maps using a 1x1 convolution followed by trilinear upsampling. This design fully
integrates semantic information across different scales, significantly enhancing segmentation
accuracy.
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Figure 2. ELANRes-MSCA-UNet Network Architecture.

One of the core modules of ELANRes-MSCA-UNet, the ELANResBlock (illustrated in Figure 3),
extracts diverse feature representations using parallel 3x3 convolutions and employs 1x1
convolutions for channel fusion. This module incorporates structural re-parameterization
technology, which enhances feature diversity during the training phase while collapsing the parallel
convolutions into an equivalent single convolution during the inference phase. This design
significantly boosts inference efficiency and reduces computational cost. By increasing feature
representation capacity and minimizing network parameters, the ELANResBlock effectively
optimizes the overall performance of the network.
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Figure 3. Core Structure of the ELANRes Module.

Another core module, the MSCABlock (illustrated in Figure 4), captures rich contextual
information through multi-scale convolutions and attention mechanisms. The module begins by
normalizing the input features and extracting multi-level features using convolutional kernels of
varying scales (5x5, 1x7+7x1, 1x11+11x1, 1x21+21x1). These features are subsequently fused via
element-wise addition and refined through 1x1 convolutions for channel optimization. An embedded
residual connection dynamically focuses on key feature regions, while a multi-layer perceptron
(MLP) further enhances feature representation. Additionally, the module applies a 3D-to-2D
transformation to exploit the efficiency of 2D convolutions, preserving both global and local multi-
scale information. This design significantly enhances segmentation performance in complex
scenarios.
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Figure 4. Core Structure of the MSCA Module.

By integrating the ELANResBlock and MSCABlock, the ELANRes-MSCA- UNet strikes an
effective balance between feature extraction, multi-scale contextual modeling, and computational
efficiency. This architecture exhibits exceptional segmentation performance, offering a novel and
robust solution for medical image segmentation tasks.

2.3. Loss Function Combination and Deep Supervision Mechanism

To improve the model’s performance in segmentation tasks, particularly in addressing class
imbalance and small-target segmentation challenges, multiple loss functions were designed and
combined. By employing a weighted combination of these loss functions, complementary advantages
across different tasks are achieved, effectively optimizing overall segmentation performance. These
functions are specifically tailored to enhance segmentation accuracy, improve boundary recovery,
and increase the model’s sensitivity to fine-grained targets.

Firstly, the Dice loss function was introduced to evaluate the overlap between predicted results
and ground truth, effectively enhancing overall segmentation accuracy. To address class imbalance,
the Tversky loss function was designed, assigning different weights to false positives and false
negatives, thereby demonstrating strong adaptability in small-target segmentation scenarios.
Additionally, to further enhance the model’s performance in complex segmentation tasks, a Hybrid
Loss was proposed, combining Dice loss with Binary Cross-Entropy (BCE) loss to balance pixel-level
classification accuracy with regional segmentation performance.

To address blurred boundaries, the Jaccard loss function (IoU loss) was employed, offering
robust optimization for region overlap and providing strong support for fine boundary recovery.
Additionally, to enhance the model’s performance in sparse small-target segmentation tasks, the Soft
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Spatial Loss (SSLoss) was designed. This loss function assigns different weights to target and non-
target regions, significantly improving the model’s ability to capture small targets. Finally, to tackle
blurred boundary regions in complex scenarios, an extended version of the ELDice loss function was
proposed. This enhanced loss function incorporates logarithmic transformations and weighting
mechanisms, further improving the model’s robustness in handling challenging segmentation tasks.

Here, Intersection refers to the intersection of the predicted results and the ground truth, while
Union represents their union. € =1e—>5is a smoothing term; @ =0.3and £ = 0.7 are the weights

used to control the penalties for false positives and false negatives, respectively. A =1.01is the
weighting factor for the cross-entropy loss; s, =0.05and s, = 0.95 represent the loss weights for

the target and non-target regions, respectively.

During training, the network’s multiple outputs correspond to feature maps at different scales,
with each output optimized using its respective loss function. The specific loss calculation is as
follows:

TotalLoss = loss3 + a - (loss0 + loss1 + loss?2) 1)

Here, loss3 represents the loss for the final output, which typically has the highest resolution,
while loss0, loss1, and loss2 correspond to the losses of low-resolution outputs. Using a deep
supervision mechanism, higher weights (a=0.4) are assigned to the losses of low-resolution feature
maps during the early training stage. These weights are gradually reduced in later stages, allowing
the model to rely primarily on high-resolution outputs during the final stage. The weight a decays
periodically during the training process as follows:

a=ax0.8 ()

This design accelerates model convergence and improves its performance in multi-scale
segmentation tasks.

2.4. Evaluation Metrics

To comprehensively evaluate the model’s performance in liver and liver tumor segmentation
tasks, multiple metrics were selected from various perspectives. These include the Dice Score (Dice),
Average Symmetric Surface Distance (ASD), Relative Volume Difference (RVD), Precision, and
Recall. Together, these metrics offer a holistic assessment of segmentation performance, addressing
accuracy, geometric shape, volume discrepancy, and classification capability. For liver segmentation
tasks, Dice and ASD are used as evaluation metrics, whereas all five metrics are applied to provide a
comprehensive evaluation of liver tumor segmentation performance.

The Dice Score measures the overlap between the predicted results and ground truth, with
higher values indicating more accurate segmentation. ASD evaluates the geometric deviation
between the predicted and ground truth contours, where smaller values reflect segmentation
boundaries that are closer to the ground truth. RVD quantifies the relative difference between the
predicted and actual volumes, with values closer to 0 indicating better consistency between the
predicted and true volumes. Precision represents the proportion of correctly identified positive
samples within the predictions, while Recall measures the proportion of true positive samples that
are correctly identified.

The formulas for calculating these metrics are presented in Equations (3)-(8), comprehensively
addressing all critical aspects of segmentation performance and providing a reliable foundation for
model evaluation.

2|ANB|

Dice(A4,B) =
| A[+|B|

®)
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ASD(A,B)=——— d(s, . SB)+ Y d(s,,S(4) 4
|S(A)|+|S<B)|L§A> . 2, 46 j @
RVD(A,B)=—|B|_|A| @)

| A|
recision = P (6)

P TP+ FP

recall = P (7)

TP+ FN
d(VaS(A))zminsAss(A) ||V_SA || 8)

Here, A and B represent the predicted result and ground truth region, respectively. TP. TN. FP
and FN denote true positives, true negatives, false positives, and false negatives, respectively. S(A)
and S(B) represent the boundary sets of the predicted region A and the ground truth region B,
respectively. d(v,5(A)) represents the shortest distance from a point v to the boundary S(A) of region
A.

3. Experiments and Results
3.1. Data and Implementation

We utilized the MICCAI 2017 LiTS Challenge dataset to train and test the automatic
segmentation model [27]. The LiTS dataset comprises abdominal CT images collected from seven
different medical centers, including a total of 131 cases. Each case was manually annotated by
radiation oncologists with liver and liver tumor contours serving as the ground truth. The pixel
matrix size of the images is 512x512, with slice thicknesses ranging from 0.45 to 6.00 mm, in-plane
resolutions between 0.56 and 1.00 mm, and the number of slices per case ranging from 42 to 1026,
totaling 58,638 slices [14].

For data allocation, 111 cases were used for training and validation, which were further divided
into training and validation sets in a 3:1 ratio for model tuning. The remaining 20 cases were reserved
as the test set to evaluate model performance. During evaluation, the model’s automatic
segmentation results were compared with the ground truth annotations provided by radiation
oncologists, enabling a quantitative assessment of segmentation accuracy and performance metrics.

Model training was performed using the Adam optimizer with a step decay learning rate
schedule. The initial learning rate was set to 0.0001 [28], and it was reduced by 20% every 30 epochs.
This strategy effectively mitigated instability caused by an excessively large learning rate while
gradually decreasing the learning rate in the later training stages to facilitate fine-tuning of the
network.

The experiments were conducted in a Windows 10 64-bit operating system environment, with
hardware configurations including an Intel Xeon Gold 6132 processor, 128 GB of RAM, and an
NVIDIA TITAN RTX GPU. All experiments were implemented using Python 3.9 and the PyTorch 2.0
(GPU version) deep learning framework.

3.2. Ablation

To comprehensively evaluate the effectiveness of the ELANRes-MSCA-UNet network, we
conducted ablation experiments to analyze the specific contributions of the MSCA module, the
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ELANRes module, and their combined use on model performance. The experiments included four
model configurations: (a) the baseline model, UNet; (b) MSCA-UNet, incorporating only the MSCA
module; (c) ELANRes-UNet, incorporating only the ELANRes module; and (d) the complete model,
ELANRes-MSCA-UNet, which combines both the MSCA and ELANRes modules.

As shown in Tables 1 and 2, the complete model, ELANRes-MSCA-UNet, achieved the best
performance across all evaluation metrics for the liver segmentation task, with a Dice score of 0.972
and an ASD of 1.263, significantly outperforming the other models. MSCA-UNet improved the Dice
score from 0.937 in the baseline model to 0.946 by enhancing global feature modeling capabilities,
while ELANRes-UNet excelled in boundary optimization, reducing the ASD from 3.242 in the
baseline model to 2.369. By integrating the strengths of both modules, the complete model achieved
synergistic improvements in global segmentation accuracy and boundary detail optimization.

Table 1. Loss Functions.

Loss Functions formula
Dice Dice = 2 Intersection Loss =1 - Dice
Union +e
Tversk Loss =1— Intersection
versy Intersection+a-FP+ f-FN +¢
HybridLoss Loss = (1— Dice)+ BCE -1
Jaccard Loss =1- Inter section
SSLoss Loss =0.05-5,+0.95-5,
ELDice Loss = (— log(Dice + e))o'3

Table 1. Comparison of experimental results of different network structures for liver segmentation.

Metrics
Network Data -
Dice ASD
UNet LiTS 0.937 3.242
MSCA-UNet LiTS 0.953 2.891
ELANRes-UNet LiTS 0.949 2.369
ELANRes-MSCA-UNet LiTS 0.972 1.263

Table 2. Comparison of experimental results of different network structures for liver tumor segmentation.

Metrics
Network Data - —
Dice ASD RVD Precision Recall
UNet LiTS 0.583 1.130 0.031 0.552 0.383
MSCA-UNet LiTS 0.631 1.197 0.170 0.426 0.431
ELANRes-UNet LiTS 0.620 1.260 0.192 0.387 0.427
ELANRes-MSCA-UNet LiTS 0.729 1.012 0.021 0.564 0.508

For the liver tumor segmentation task, the complete model, ELANRes-MSCA- UNet,
demonstrated exceptional performance, achieving a Dice score of 0.729 and an ASD of 1.012. It
comprehensively outperformed other models in key metrics such as Precision, Recall, and RVD.
These results indicate that the complete model not only accurately captures target regions but also
excels in optimizing boundary details and reducing false positive rates. Further analysis revealed that
the MSCA module enhances global contextual modeling, making it particularly effective in capturing
small target features, while the ELANRes module excels in optimizing and refining complex
boundaries. By integrating these two modules, the complete model achieved significant
improvements in segmentation performance.

As shown in Figure 5, the performance differences among the models in segmentation results
are clearly evident. The baseline model, UNet, performs reasonably well in overall liver segmentation
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but exhibits noticeable missed and false segmentations in boundary details and tumor regions,
particularly struggling to capture small tumors. MSCA-UNet enhances global feature extraction and
improves tumor contour segmentation, but its ability to handle complex boundaries and small
tumors remains limited. ELANRes-UNet demonstrates significant improvement in boundary
optimization, effectively reducing false segmentations, yet it still faces challenges in modeling the
integrity of small tumors. In contrast, the complete model, ELANRes-MSCA-UNet, achieves liver
segmentation accuracy that is close to the ground truth (Label) and excels in boundary detection and
detail refinement in tumor regions. It shows remarkable improvement in capturing small tumors,
with a substantial reduction in missed segmentations.

CT slice Label UNet MSCA-UNet ELANRes- ELANRes-
UNet MSCA-UNet

Figure 5. Performance of different network models in liver and liver tumor segmentation tasks.

In summary, the results of the ablation experiments demonstrate that the complete model,
ELANRes-MSCA-UNet, effectively balances global modeling capability and local optimization by
integrating the strengths of the MSCA and ELANRes modules. This integration significantly
improves segmentation accuracy, enhances boundary optimization, and strengthens overall
robustness, offering an efficient and reliable solution for medical image segmentation tasks in
complex scenarios.

3.3. Comparison of Tumor Segmentation Performance Between Groups

In the tumor segmentation task, to further analyze the model’s performance in segmenting
tumors of different sizes, the segmentation results were divided into two groups based on Dice
scores: a High-performance group (Dice > 0.6) and a Low-performance group (Dice < 0.6). For each
group, the average major axis length of the segmented liver tumors was calculated and compared
across different models.

As shown in Table 3, the complete model, ELANRes-MSCA-UNet, achieved an average tumor
major axis length of 18.16 mm in the Low-performance group, significantly outperforming the
baseline model, UNet, which had an average length of 23.37 mm. This result highlights the distinct
advantage of ELANRes-MSCA-UNet in segmenting small-sized tumor targets. In the High-
performance group, the average tumor major axis lengths for the two models were 41.83 mm and
44.72 mm, respectively, with relatively small differences. These findings demonstrate that while the
complete model performs consistently well in handling large-sized tumors, it exhibits superior
performance in segmenting small targets.

Table 3. Evaluation of Tumor segmentation performance for different tumor sizes.

Average major axis length of liver tumors/mm

Network Dat
etwor ata High-performance group Low-performance group

ELANRes-MSCA-UNet LiTS 41.83 18.16
UNet LiTS 44.72 23.37
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In conclusion, ELANRes-MSCA-UNet, with its multi-scale modeling capability and boundary
optimization mechanism, is particularly well-suited for complex scenarios involving tumors of
varying sizes. Notably, in the segmentation of small tumor targets, the model achieves higher
accuracy and robustness.

3.4. Comparision with State-of-the-Art Methods

To evaluate the effectiveness and robustness of the ELANRes-MSCA-UNet network in liver and
liver tumor segmentation tasks, we compared its performance with state-of-the-art semantic
segmentation methods, including those proposed by L. Bi et al., Y. Yuan et al., and F. Isensee et al.,
using the LiTS dataset.

As shown in Tables 4 and 5, ELANRes-MSCA-UNet achieved the best performance in the liver
segmentation task across both Dice and ASD metrics. Specifically, the Dice score reached 0.972,
demonstrating a significant improvement over the best existing method (0.963 by Y. Yuan et al.).
Although Y. Yuan et al.’s method showed a slight advantage in ASD, our method exhibited superior
overall performance, highlighting its excellence in liver segmentation tasks.

Table 4. Performance Comparison of Different Methods in Liver Segmentation.

Metrics
Method Data Dice ASD
L.Bietal. [19] LiTS 0.934 258.598
Y. Yuan et al. [29] LiTS 0.963 1.104
F. Isensee et al. [23] LiTS 0.962 2.565
Z. Xu et al. [14] LiTS 0.959 1.342
S. Chen et al. [14] LiTS 0.954 1.386
Ours LiTS 0.972 1.263

Note: Bold font indicates the best value for each metric.

Table 5. Performance Comparison of Different Methods in Liver Tumor Segmentation.

Metrics
Method Data Dice ASD RVD Precision Recall
L.Bietal. [19] LiTS 0.645 1.006 0.016 0.316 0.431
J. Zou et al. [14] LiTS 0.702 1.189 5.921 0.148 0.479
J. Lietal. [15] LiTS 0.686 1.073 5.164 0.436 0.515
X. Han et al. [17] LiTS 0.674 1.118 -0.103 0.354 0.458
G. Chlebus et al. [30] LiTS 0.676 1.143 0.464 0.519 0.463
D. Xu et al. [31] LiTS 0.721 0.896 -0.002 0.549 0.503
Ours LiTS 0.729 1.012 0.021 0.564 0.508

Note: Bold font indicates the best value for each metric.

For the liver tumor segmentation task, ELANRes-MSCA-UNet demonstrated significant
advantages. As shown in the table, the model excelled in key metrics such as Dice and Precision,
achieving scores of 0.729 and 0.564, respectively, significantly outperforming other existing methods.
In comparison, while D. Xu et al’s method showed a slight advantage in the ASD metric, it
underperformed relative to our proposed model in core metrics such as Recall and Dice. These results
indicate that ELANRes-MSCA-UNet is more effective in capturing target regions in complex
scenarios, particularly in reducing false positives and optimizing boundary details.

Overall, ELANRes-MSCA-UNet integrates the strengths of multi-scale contextual modeling and
structural re-parameterization, surpassing other networks in segmentation accuracy while exhibiting
greater robustness. These findings validate its effectiveness and demonstrate its advancement in
medical image segmentation tasks.


https://doi.org/10.20944/preprints202501.1547.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 January 2025 d0i:10.20944/preprints202501.1547.v1

11 of 13

4. Discussion and Conclusions

This paper proposes a 3D network architecture, ELANRes-MSCA-UNet, for automatic liver and
liver tumor segmentation. By integrating the structurally re-parameterized residual module
(ELANRes) and the multi-scale convolutional attention module (MSCA), the model demonstrates
significant advantages in global feature modeling, boundary detail optimization, and small target
segmentation. Experimental results reveal that the proposed model outperforms existing methods
across multiple metrics, particularly excelling in small target segmentation and its adaptability to
complex scenarios. The specific advantages are as follows:

(1) Significant improvement in segmentation performance: ELANRes-MSCA- UNet achieves
remarkable improvements in liver and liver tumor segmentation tasks, showing outstanding
performance in key metrics such as Dice and ASD. The model accurately captures target boundaries,
reduces false positives and missed segmentations, and provides an efficient solution for complex
medical image segmentation tasks.

(2) Robustness in small target segmentation: Through the integration of multi-scale convolution
and attention mechanisms, the model exhibits excellent robustness in small tumor segmentation.
Experiments demonstrate that ELANRes- MSCA-UNet significantly reduces missed segmentations
of small targets and maintains consistent performance across tumor segmentation tasks of varying
sizes, making it particularly effective in complex multi-scale segmentation scenarios.

(3) Innovative module design: The ELANRes module enhances feature extraction capabilities
and reduces inference costs through structural re-parameterization technology, while the MSCA
module captures global contextual information using multi-scale convolution and attention
mechanisms. This design improves the model’s adaptability to low-contrast and blurred boundaries.
Additionally, the weighted combination of multiple loss functions (e.g., Dice loss and Tversky loss)
further enhances segmentation accuracy, particularly in addressing class imbalance and recovering
fine details.

(4) Broad potential for clinical applications: ELANRes-MSCA-UNet offers reliable support for
clinical tasks such as tumor volume assessment, growth trend analysis, and treatment planning. Its
high-precision and robust segmentation results highlight the model’s broad potential for practical
applications in medical image segmentation, making it highly suitable for complex clinical scenarios.

Despite the excellent segmentation performance of our model, it still has the following
limitations, as shown in Figure 6:

(a)Ground Truth (b)Label (c)Ours

Figure 6. Performance in liver and liver tumor segmentation for small targets and complex scenarios.

(1) Segmentation of very small tumors: The model may still miss segmenting very small tumors,
primarily due to the weak feature representation of small targets.

(2) Accuracy in multi-target segmentation: When the number of tumors is large and their
distribution is complex, the segmentation performance may become unstable.

(3) High computational resource requirements: The network demands significant computational
resources during the inference stage, which may limit its applicability in resource-constrained
environments.
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Future work will focus on optimizing the lightweight design of the network to improve
computational efficiency while enhancing its robustness in small-target and multi-target
segmentation. These improvements aim to better adapt the model to more complex clinical
application scenarios.
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