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Abstract
The segmentation of slender structures in images faces challenges of discontinuous segmentation and insufficient 
recognition. These slender structures, such as arteries and veins, are particularly important in 3D medical images 
that are sensitive to the computational complexity of segmentation networks. Therefore, in order to balance the 
computational complexity of the network and adaptive perception of slender structures, this paper proposes a 
multi-directional attention module for slender structures, which is a lightweight attention module that can be 
inserted into the encoder or decoder unit. At the same time, we propose a contour loss function to address the 
class imbalance phenomenon that may arise in the joint segmentation task of slender and ordinary structures. This 
function improves the balance by converting traditional class mask labels into contour mask labels. The 
effectiveness of our proposed module has been validated through training on segmentation tasks on 2D and 3D 
images.

Keywords: Image segmentation, slender structures, medical image, convolutional neural network

1. INTRODUCTION
Our goal is to perform image segmentation on three-dimensional (3D) medical images containing slender
structures such as arteries and veins, as well as irregular structures such as endogenous tumors, while
designing lightweight networks as much as possible to ensure computational efficiency and lower device
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requirements, which is vital for clinical applications[1].

For the above structure, we face many challenges when performing segmentation, as shown in Figure 1. 
Taking blood vessels as an example, their narrowest part is only 2-3 mm, occupying only a small number of 
pixels in the image, which is easily overlooked in the segmentation process. In addition, although these 
structures require high continuity, the impact of occlusion or small gaps cannot be ignored.

The current problems in the segmentation of slender structures mainly include the following aspects. First, 
for slender structures, due to their small number of pixels, traditional convolution operations may be 
affected by complex backgrounds, resulting in limited feature recognition. Especially when all parts of the 
image share the same convolution weight parameters, some structures with special shapes may be 
submerged as a result. Second, due to the fixed and regular calculation method of convolution, it cannot 
achieve adaptive and coherent feature extraction along slender structures. Third, especially in U-Net 
structured networks, multiple downsampling operations may cause the original pixels to fold or overlap, 
making them difficult to distinguish. Besides, in the training process of multi classification tasks, the loss 
function does not pay sufficient attention to the slender structures with fewer pixels, which causes class 
imbalance and affects the overall training process.

In addition, the segmentation ability of slender structures also represents the network’s ability to understand 
topological features. In segmentation tasks such as tumors that require strict requirements for 
morphological features and contour extraction, the ability to adaptively extract contours is particularly 
important.

To address the aforementioned challenges, some studies have made improvements to slender structures. We 
can divide these studies into three dimensions: (1) Improvements from the perspective of convolution itself, 
such as dilated convolution[2], deformable convolution[3], dynamic snake convolution[4], etc. These 
convolutions adapt to the shape of the target structure by changing the way of obtaining context; (2) 
Improvements from the perspective of network architecture, such as all-scale feature fusion[5], dual chain 
fusion U-Net[6], encoder-dual-decoder-based network[7], graph convolutional networks[8], etc., aim to 
enhance the perception ability of slender structures by changing the form of the network; (3) Improvements 
from the perspective of loss functions, such as introducing centerline-Dice similarity measurement[9], 
geometric measurement[10], etc. These studies have some targeted designs for us to learn from, but some 
methods that introduce huge computational complexity are not suitable for our applications.

From the perspective of network structure alone, networks designed for slender structures often increase 
model complexity in order to ensure long-range dependencies and multi-resolution perception. This not 
only increases the number of parameters and computational costs of the model, but also puts higher 
demands on the quality and quantity of training data and its annotations. For small batch datasets, although 
lightweight networks such as Dilated Convolution Net (DCNet)[11] and Slim UNEt Transformers 
(UNETR)[12] sacrifice some of the complexity and depth of the model, resulting in lower feature expression 
ability than large models when dealing with complex scenes or fine structures, it is necessary to use 
lightweight networks for small datasets to ensure the trainability of the model. This also puts forward 
certain requirements for the design of training frameworks and methods.

Unlike the above research, in order to target some segmentation application scenarios that require low 
computational complexity, we propose a lightweight multi-directional attention mechanism on the basic 
encoder-decoder structure network. By changing the shape of the convolution and adding an attention 
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Figure 1. The segmentation challenge of slender or irregular organizations.

fusion strategy, this attention mechanism can be well integrated into the encoder-decoder units of the 
network. In addition, we also propose a low computational complexity contour loss function method, which 
reduces the impact of class imbalance during training by converting segmentation labels into contour labels. 
In terms of network architecture, we have also made appropriate modifications to the skip connections and 
bottleneck layers to better perform feature fusion. To sum up, our contributions are as follows: 
(1) A lightweight multi-directional attention module has been proposed, which can be integrated into 
various units of the network and has been validated in two datasets with different dimensions and tasks. 
(2) A contour loss function is proposed to reduce class imbalance. 
(3) Explored modifications to the skip connections and bottleneck layers in the network architecture, and 
provided some reference for network design.

2. RELATED WORK
The classic network for image segmentation is the U-Net network proposed by Ronneberger et al. in 
2015[13]. It fuses high-level semantic information and low-level feature information through encoders, 
decoders, and intermediate skip connections, greatly preserving the original feature information of the 
image. Subsequently, convolutional neural networks (CNNs) represented by residual U-Net (ResU-Net)[14], 
U-Net++[15], U-Net3+[16], etc. have continuously improved their performance through cleverly designed 
residual or dense connections.

During this process, some studies explored segmentation of slender structures. For example, Li uses residual 
U-Net to simultaneously segment renal parenchyma, arteries, veins, ensemble systems, and abnormal 
structures[17]; the resulting Dice indices were 0.96, 0.86, 0.8, 0.62, and 0.29, respectively. It can be seen the 
difficulty level of segmenting slender tissues and some special shaped structures.

With the explosive popularity of Transformer structures in the natural language processing (NLP) field, 
networks represented by Vision Transformer[18] and Swin Transformer[19] have achieved remarkable results 
in image segmentation by better ensuring the perception and understanding of global features through self-
attention mechanisms and moving windows. However, although this attention can help us establish 
associations between slender structures, due to the complex structure and the lack of inductive bias, its 
ability to process local information is not as good as pure convolutional networks, and it is difficult to train 
for good performance on some smaller datasets.
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In order to improve the understanding ability of convolution on slender structures and make convolution 
better adapt to these structures, some deformable convolutions have been proposed[2-4]. Taking dynamic 
snake convolution as an example, they can change their convolution shape along slender structures and 
achieve excellent results in image segmentation tasks. However, due to the huge computational and 
memory consumption caused by convolution offset calculation and other operations, the network cannot be 
designed for deep multi-scale.

The methods for improving network architecture mostly rely on multi-scale feature fusion[5,8], which 
provides rich semantic information for the segmentation of these structures through multi-scale feature 
fusion of different spatial and semantic information. Similarly, the computation and fusion strategy of 
multi-scale features will also bring huge computational complexity, which is also not suitable for some 
application scenarios that require high real-time performance.

The method based on loss function[9,10] can indeed help the network strengthen its attention and constraints 
on the continuity and topological consistency of slender structures during network training, but it is not 
suitable for all classification tasks, especially for multi classification tasks involving conventional shapes.

3. METHODS
In order to provide a targeted introduction, we will first introduce our core contribution and then introduce 
the specific network architecture. At the same time, we use ellipses instead of specific image dimensions, 
such as “H × W × ···”, to adapt to images of more dimensions.

3.1. Pre-theoretical foundation
In conventional convolution, the new pixel value of the pixel with coordinates p0 in the image after 
convolution is calculated as follows.

Among them, p0 is the center point coordinate corresponding to the current convolution, pn is the offset of 
each position of the current convolution kernel compared to the center of the convolution kernel, R is all 
the image points within the scope of the current convolution, x(p) is the pixel value of the original image at 
point p, y(p) is the value of the p-point after convolution, and w(pn) is the weight of the convolution kernel 
at the offset position pn. Due to the fact that the weights of the convolution kernel are shared globally, this 
often brings about a problem that if a slender structure is encountered, the number of pixels it occupies in 
the corresponding convolution is often small and diverse in shape. After the shared weight calculation, the 
features of these pixels are likely to be weakened after multiple calculations, making it difficult to distinguish 
them.

In order to target slender structure, some deformable convolutions have been proposed, as shown in 
Figure 2. These convolutions usually add a learnable offset ∆pn to the original image on the basis of the 
original convolution, as given in

However, the offset of pixels in this unit is often a decimal and an integer, so bilinear interpolation is needed 
to obtain the specific pixel value of the offset position. However, the huge computational and memory 
consumption brought by offset calculation and bilinear interpolation will occupy more resources, thereby 

𝑦(𝑝0) =
∑
𝑝𝑛∈R

𝑤(𝑝𝑛)𝑥(𝑝0 + 𝑝𝑛) (1)

𝑦(𝑝0) =
∑
𝑝𝑛∈R

𝑤(𝑝𝑛)𝑥(𝑝0 + 𝑝𝑛 + Δ𝑝𝑛) (2)
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Figure 2. Differences in convolution of different forms.

reducing the running speed of the network and hindering feature extraction in deeper and more 
dimensional layers.

In fact, the essence of these convolutions is to break the constraint of weight sharing in convolution kernels, 
in order to better adapt to the shape of the target structure in the image. Therefore, our multi-directional 
attention mechanism is designed as follows.

3.2. Multi-directional attention and the units designed based on it
Unlike deformable convolution, which requires learning an offset, we directly design strip-shaped 
convolution modules in different directions to adapt to offsets representing the direction of slender 
structures. The attention mechanism we designed and the encoder-decoder module common and multi-
direction with residual (CMR) Block integrated on it are shown in Figure 3.

Due to the uncertain shape of slender structures, block convolution without directional features is often 
difficult to extract effective coherent information of slender structures. In contrast, strip convolution with 
different axes is more conducive to adapting to slender structures. Therefore, in the early stage of the multi-
directional attention unit, we first use a 5-pix strip convolution for feature extraction for different axes of 
the image. The convolution results obtained in different directions are as follows.

where k represents the different dimensional directions of the original image, yk indicates the convolution 
 signifies the offset direction of each position of the strip-shaped convolution 

kernel compared to the center of the convolution kernel in that dimension direction. In order to combine 
the information from various directions in the final result, we propose a graph attention unit and call it 
Map-Attention. This unit uses the convolution results of different axes concatenated on the channel to 
output the weights of the convolution results of different axes for each pixel position in the image. Finally, 
the convolution results and the obtained weights are used to obtain the final operation result by weighted 
value addition, as given in

result in the k direction, and pkn

𝑦𝑘 (𝑝0) =
∑
𝑝𝑘𝑛 ∈R

𝑤(𝑝𝑘𝑛 )𝑥(𝑝0 + 𝑝𝑘𝑛 ) 𝑘 = 1, 2, . . . (3)

𝑦(𝑝0) =
∑
𝑘

𝑤(𝑝0)
∑
𝑝𝑘𝑛 ∈R

𝑤(𝑝𝑘𝑛 )𝑥(𝑝0 + 𝑝𝑘𝑛 ) (4)
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Figure 3. Multi-directional attention module and CMR Block based on it. CMR: Common and multi-direction with residual.

Through this processing mechanism that integrates multi-directional strip convolution results, the multi-
directional attention module can combine attention weights to overcome the impact of convolution kernel 
weight sharing on feature extraction, and better help pixels find the adjacent pixels with the highest 
correlation in their neighborhood, thus achieving adaptation to slender structures. As shown in the upper 
right corner of Figure 3, for a circular arc curve that can represent any direction of slender structures, the 
feature map processed by the multi-directional attention module better preserves the original features of the 
curve compared to the feature maps of traditional convolution, without being mixed by background pixels. 
Besides, in order to minimize computational complexity, we introduced the depthwise separable 
convolution[20] into the module instead of using traditional convolution method.

Compared with the traditional convolution, the deep separable convolution can significantly reduce the 
parameters and achieve a better effect by combining the deep convolution which is responsible for each 
channel by a convolution kernel and the point-wise convolution whose convolution kernel size is only 1 × 1. 
For a two-dimensional image with a length and width of H × W, the amount of computation required for a 
traditional convolution with a convolution kernel size of K × K is FLOPsstandard = Cin × Cout × H × W × K2, 
while the amount of computation required for a deep separable convolution is only FLOPsDS = Cin × H × W 
× K2 + Cin × Cout × H × W = Cin × H × W × (K2 + Cout), which is particularly significant when the number of 
output channels cout is large. Therefore, for a Multi-Directional Attention module, the overall 
computational cost is FLOPsMA = N × Cin × H × W × (K2 + Cin) + N × Cin × Cout × H × W = N × Cin × H × W × 
(K2 + Cin + Cout).

In addition, the CMR block is composed of three parts: regular convolution block, multi-directional 
attention block and residual convolution block. The function of common convolution blocks is to preserve 
the feature extraction capability of traditional convolution; The function of multi-directional attention 
blocks is to focus on the distribution of slender structures; The function of residual convolution blocks is to 
ensure better semantic coherence and alleviate the gradient vanishing/exploding problem caused by the 
network being too deep.
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3.3. CMR U-Net: the segmentation network architecture based on CMR Block
For segmentation task, we designed a network architecture as shown in Figure 4. It should be noted that the 
CMR Block is executed multiple times in a stage of the network. Because when the multi-directional 
attention module is executed only once, the receptive field range of the model is only on the coordinate axes 
of each dimension corresponding to the current pixel point, while multiple executions can expand the 
receptive field to the entire cube around it.

In addition, for the down-sampling and up-sampling units of the net, we use stride 2 convolution and 
transpose convolution, respectively, to replace the convolution settings of CMR Block. It is worth noting 
that we have also introduced max pooling operation in the multi-directional attention mechanism of the 
down-sampling unit, which can help avoid information loss of slender structures during the convolution 
down-sampling process with a stride of 2.

For the network, the skip connection mechanism and the bottleneck layer are also important units. Here, 
we have made improvements to these two units by proposing a skip connection fusion mechanism based on 
gated spatial attention (GSA) and a bottleneck layer based on axial attention. However, the only effective 
mechanism in practice is the skip connection fusion mechanism, which will be introduced in later 
experiments.

In the classic U-Net network model, the role of the skip connection layer is to fuse the low-level feature 
information of the encoder and the high-level semantic information of the decoder at the same resolution to 
ensure feature reusability, and to help the decoder stage recover the original pixel information of the up-
sampled image, usually using channel concatenation for fusion. However, for 3D and even higher-
dimensional images containing other information, the computational cost of channel concatenation cannot 
be ignored. Therefore, in medical images, the commonly used skip connection fusion strategy adopts the 
point-wise addition operation. It should be noted that although point-wise addition can reduce 
computation, this direct summation of high-level semantic information and low-level feature information 
without distinction may disrupt the coherence of the original semantic information, thereby reducing the 
reliability of the network. Therefore, here we propose a skip connection fusion strategy based on GSA, as 
shown in Figure 5.

This module combines the output image of the encoder part and the up-sampled image of the decoder part. 
Firstly, the two are concatenated in the channel dimension, and then the concatenated result is jointly fed 
into a regular convolution with a kernel size of 1. The output is a convolution result with 1 channel and a 
size equal to the input image size, which is activated by the Sigmoid function to become the spatial attention 
weight of the encoder image. This weight combines the information of low-level feature images and high-
level semantic images, and is a learnable dynamically adjustable fusion weight. Finally, by weighting the 
encoder image and adding it point by point to the decoder image, the semantic coherence of the fused 
image is ensured.

In addition, we also introduced axial attention mechanism to the bottleneck layer of the network, which was 
proposed by Ho et al.[21] [Figure 6]. Axial attention is used to extract relevant information between different 
parts of the image, and is applied in low-resolution images to reduce computational complexity.

3.4. The contour loss that can reduce class imbalance and the loss strategy
In order to target slender structures and weaken the influence of internal areas in ordinary classification 
structures, we designed contour loss LContour as given in Equation (5), which simplifies the classification 
results of all structures into contour labels. The calculation of contours depends on a maximum pooling 
function (MP) with a window size of 3 × 3 and a step size of 1. By calculating the MP results of positive and 
negative samples of the labels and summing them up, as shown in Figure 7, we effectively extract the 
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Figure 4. CMR U-Net: the network architecture based on CMR Block. CMR: Common and multi-direction with residual.

Figure 5. Skip connection fusion strategy based on GSA. GSA: Gated spatial attention.

classification edges of various types of segmented images and reduce the computational imbalance caused 
by too many internal pixels in the structures. By dividing the contour difference F norm between the true 
label and the predicted label by the F norm of the true label contour, we obtain a global contour error result.

𝐿𝐶𝑜𝑛𝑡𝑜𝑢𝑟 =
| |MP3×3 (𝐺) + MP3×3 (−𝐺) − MP3×3 (𝑃) − MP3×3 (−𝑃) | |𝐹

| |MP3×3 (𝐺) + MP3×3 (−𝐺) | |𝐹
(5)
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Figure 6. Bottleneck layer based on axis attention.

Figure 7. The schematic diagram of contour loss and its weight strategy.

It cannot be ignored that contour loss lacks directionality, which may bring significant uncertainty to the 
network in the early stages of training. Due to the above reason and the poor performance of the cross-
entropy loss function in class imbalance situations, weights α and β are respectively set for the two, where α 
is set to 0.8 and β is set to

𝐿 = 𝐿𝐷𝑖𝑐𝑒 + 𝛼𝐿𝐶𝐸 + 𝛽𝐿𝐶𝑜𝑛𝑡𝑜𝑢𝑟 (6)

𝛽 =
0.3

1 + 𝑒−10(𝑒𝑝𝑜𝑐ℎ/𝑡𝑜𝑡𝑎𝑙_𝑒𝑝𝑜𝑐ℎ−0.5) (7)

where G represents the true value label, and P represents the predicted label. In addition, our total loss 
consists of three parts, including Dice loss LDice, Cross Entropy loss LCE, and Contour loss, as given in
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The variation of β during the training process is shown in the coordinate graph on the right side of Figure 7. 
Throughout the entire training process, the maximum value of β is 0.3, and it follows a pattern of slow 
growth, accelerated growth, and finally stable growth. This is because in the initial training process, the 
network is underfitting, and the predicted contour has a large degree of uncertainty. After the network 
reaches a certain segmentation ability, the weight is increased to optimize the segmentation contour.

In addition, for the task of renal medical image segmentation, based on the above loss functions, different 
tissues are weighted to focus on tumor, artery, and vein tissues, while weakening the segmentation results of 
normal renal parenchymal tissue with a larger area, as given in

Based on the above theory, we conducted experiments and applications in our proposed method.

4. RESULTS AND APPLICATION
To test the effectiveness of the above method on different types and dimensions of datasets, we conducted 
experimental tests on the kidney CTA medical image dataset KiPA 2022[22-25], retinal vessels dataset 
(including DRIVE[26], Stare[27] and CHASE DB1[28]) and the satellite road dataset[29]. At the same time, we 
made preliminary attempts to apply the kidney segmentation network into an augmented reality (AR)-
guided surgery experiment.

4.1. Introduction to image segmentation experiments and evaluation indicators
On the dataset introduced above, we organized the training of the network. Note that the default network 
here is the CMR U-Net with the CMR Block as the bottleneck layer, as experimental results show that the 
effect of using axial attention mechanism in the bottleneck layer is not as good as using CMR Block. For the 
convenience of later description, we define the network used for training and its abbreviation [Table 1].

In Table 1, the structure and parameters of all U-Net-base architecture networks are designed with 
reference to Figure 4, using the same initialization conditions and training hyperparameter settings. And the 
initialization learning rate is 0.01.

The training of the model was conducted on an Ubuntu server equipped with an NVIDIA T4 graphics card 
with 16 GB of video memory. The server uses an Intel Xeon (Cascade Lake) Gold 6240 8-core CPU, 64 GB 
of system memory, and Ubuntu 22.04. The training framework is a combination of Pytorch 2.2.2, Cuda 
12.1, and Python 3.11. To address the issue of high memory usage in 3D images, the model uses the 
checkpoint gradient checkpoint function to implement breakpoint continuation training to optimize 
memory usage. Define a training cycle of 200 epochs, collect model parameters at 200 epochs to evaluate the 
model.

To evaluate the segmentation results, we use the following evaluation metrics, including dice similarity 
coefficient (DSC), 95%-Hausdorff distance (95%-HD or HD), and average Hausdorff distance (AVD). DSC 
is used to evaluate the area-based overlap index, HD, which is sensitive to outliers, is used to compare the 
segmentation quality of outliers, AVD, which is the average of total HD, reflects the coincidence of the 
surface for stable but less sensitive to outliers. Assuming that under a certain classification, the label is L, the 
predicted value is P, and the pixel values of the label and the predicted value at point i are li and pi, which are 
expressed as follows,

𝐿𝑇𝑜𝑡𝑎𝑙 = 0.2𝐿𝐾𝑖𝑑𝑛𝑒𝑦 + 0.24𝐿𝑇𝑢𝑚𝑜𝑟 + 0.28𝐿𝐴𝑟𝑡𝑒𝑟 𝑦 + 0.28𝐿𝑉𝑒𝑖𝑛 (8)
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Table 1. Network introduction and abbreviation

Network description Abbreviation

CMR U-Net with the CMR Block as the bottleneck CMR U-Net (Ours)

CMR U-Net with the Axis Attention as the bottleneck CMR-AAB (Ours but worse)

CMR U-Net without any bottleneck CMR-NoBL

CMR U-Net without the GSA skip connection CMR-NoGC

U-Net with the CMR Block as the bottleneck U-Net-CMRB

CMR U-Net without the Contour Loss in training CMR-NoCL

Other networks (such as DeeplabV3) No abbreviation (such as DeeplabV3)

CMR: Common and multi-direction with residual.

4.2. Segmentation results and comparative analysis
Before conducting numerical analysis, we first plot the loss curves and validation set DSC of CMR U-Net 
and other networks, as shown in Figure 8. It is not difficult to find that DeepLab V3 in retinal vessels 
segmentation tasks and U-Net in satellite road segmentation tasks achieved poor training results, while our 
CMR U-Net has achieved better training results compared to others.

Due to the small size of the KiPA 2022 medical image segmentation dataset, we can clearly see the 
advantages of CMR U-Net on the satellite road map dataset and retinal vessels dataset. In addition, due to 
the introduction and continuous increase of contour loss, we observed some shaking in the curve during the 
training process, but it gradually stabilized in the later stage.

The quantitative analysis results of different networks or losses are shown in Tables 2 and 3, and Figure 9 
presents the segmentation results and heatmap effects of varying networks. By comparing the data and 
segmentation results between these networks, we can see that under the same network training conditions, 
our proposed CMR U-Net always outperforms in various classification situations and different dimensions. 
Through the AVD and HD index, it can be seen that its edge recognition ability is stronger than that of 
other networks.

From the comparison of heat maps in Figure 9, we can more intuitively conclude that the coherence of 
RCM U-Net is much better. In contrast, DeeplabV3, which uses dilated convolutions, does not maintain 
continuous heat maps in angled structures. Additionally, MedNeXt and U-Net using traditional 
convolution are slightly inferior in edge recognition ability and feature extraction ability.

𝐷𝑆𝐶 (𝑃, 𝐿) = 2|𝑃 ∩ 𝐿 |
|𝑃 | + |𝐿 | =

2
∑𝑠
𝑖=1 𝑝𝑖 𝑙𝑖 + 1∑𝑠

𝑖=1
(
𝑝2
𝑖 + 𝑙2𝑖

)
+ 1

(9)

𝑑𝐻 (𝑃, 𝐿) = max {𝑑𝑃𝐿 , 𝑑𝐿𝑃}

= max
{
max
𝑝∈𝑃

min
𝑙∈𝐿

𝑑 (𝑝, 𝑙),max
𝑙∈𝐿

min
𝑝∈𝑃

𝑑 (𝑙, 𝑑)
} (10)

𝐴𝑉𝐷 (𝑃, 𝐿) = max {𝑎𝑑𝑃𝐿 , 𝑎𝑑𝐿𝑃}

= max
{

1
𝑁

∑
𝑝∈𝑃

min
𝑙∈𝐿

𝑑 (𝑝, 𝑙), 1
𝑁

∑
𝑙∈𝐿

min
𝑝∈𝑃

𝑑 (𝑙, 𝑝)
}

(11)
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Table 2. Comparison of training results for different networks on 3D images

KiPA 2022
Parenchyma Tumor Artery VeinNetwork

DSC AVD/mm HD/mm DSC AVD/mm HD/mm DSC AVD/mm HD/mm DSC AVD/mm HD/mm

CMR U-Net 0.9536 0.6697 1.8234 0.8909 1.0511 2.3814 0.8697 0.8071 2.7139 0.8309 1.1942 1.4646

DeepLabV3 0.9529 0.6952 1.9635 0.8821 1.8321 3.1927 0.8615 1.1129 3.9579 0.8291 1.2169 2.3313

MedNeXt 0.9479 0.8647 2.6892 0.8796 2.5114 6.2227 0.8619 1.1121 3.8817 0.8249 1.2215 2.4598

U-Net 0.9371 0.8349 2.8904 0.8596 2.9529 6.7964 0.8314 1.5510 5.8766 0.7906 1.2528 2.7992

CMR-AAB 0.9497 0.8354 2.4603 0.8694 2.0251 6.5212 0.8407 1.3765 5.3203 0.8035 1.5802 3.7216

CMR-NoBL 0.9533 0.6764 1.8987 0.8893 1.0962 2.6395 0.8679 0.8902 2.9693 0.8307 1.1973 1.5203

CMR-NoGC 0.9531 0.6921 1.9010 0.8867 1.3305 2.7879 0.8634 0.9234 3.2506 0.8314 1.1765 1.4298

U-Net-CMRB 0.9407 0.8053 2.5639 0.8683 2.4962 5.9653 0.8409 1.3805 5.3679 0.8195 1.3264 2.7981

CMR-NoCL 0.9459 0.7759 2.5112 0.8763 2.0535 7.2303 0.8468 1.4573 5.1845 0.8079 1.4508 3.0368

3D: Three-dimensional; DSC: dice similarity coefficient; AVD: average Hausdorff distance; HD: Hausdorff distance; CMR: common and multi-direction with residual.

In the ablation experiment, we found that the use of the axis attention mechanism in the bottleneck layer of the network only had a positive effect on the 
satellite road dataset, which has a large sample size, while in the KiPA2022 dataset with a small sample size, this module did not work as well and had negative 
effects instead. If the bottleneck layer uses CMR Block, it will be much better, which also proves the flexibility of our CMR Block’s lightweight multi-directional 
attention.

Besides, through ablation experiments, we also evaluated the contributions of the GSA module and loss function. The largest one was our contour loss 
function, which improved the effect by about 1.79%, followed by our GSA skip connection module, which improved the effect by about 0.30%.

Overall, our module has significant advantages in capturing the topological continuity of structures, which is not only important for continuous segmentation 
of slender structures, but also has a crucial impact on edge recognition of ordinary structures.

The most significant contribution of our proposed innovation is the multi-directional attention mechanism, which adapts the module to recognize slender 
structures by changing the convolution calculation method. The second is the contour loss function, which, although it may introduce uncertainty in the early 
stages of network training, can help better optimize edge segmentation once the network has acquired a certain level of recognition ability. In addition, 
compared with traditional attention networks such as axial attention, our module demonstrates better adaptability in small datasets.
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Table 3. Comparison of training results for different networks on 2D images

Retinal vessels Satellite road
Vessels RoadNetwork

DSC AVD/pix HD/pix DSC AVD/pix HD/pix

CMR U-Net 0.8175 1.9859 4.5598 0.8154 5.2559 16.1461

DeepLabV3 0.6523 5.3229 15.9988 0.8065 5.9270 16.3762

MedNeXt 0.7912 2.8317 8.1600 0.8046 6.0225 18.3740

U-Net 0.8087 2.2253 5.5255 0.7496 10.2342 33.0458

CMR-AAB - - - 0.8073 5.6729 16.2896

CMR-NoBL 0.8155 2.0034 4.8863 0.8132 5.3158 16.2794

CMR-NoGC 0.8151 2.0106 4.8979 0.8134 5.3029 16.2142

U-Net-CMRB 0.8095 2.1342 5.3268 0.7743 8.6351 26.1852

CMR-NoCL 0.7953 2.5752 7.2152 0.7872 7.3564 22.8546

“-” represents training failure. 2D: Two-dimensional; DSC: dice similarity coefficient; AVD: average Hausdorff distance; HD: Hausdorff distance;
CMR: common and multi-direction with residual.

Figure 8. Training loss and training set DSC line chart. DSC: Dice similarity coefficient.

4.3. The network’s applications
With the help of the network proposed in this article, we can quickly segment medical images. This network 
not only shortens the segmentation time to within 30 s, but also has very clear edges such as arteries and 
veins, which is very important for clinical diagnosis. Taking the partial nephrectomy as an example, we can 
take CTA image of the patient’s kidney again shortly before the surgery and combine the segmentation 
results with other former preoperative diagnoses to guide the surgical implementation.

In addition, we also proposed an AR-guided intraoperative localization framework for laparoscopic partial 
nephrectomy, as shown in Figure 10. Using the segmentation results to reconstruct the kidney, and utilizing 
manual initial point selection and video point tracking techniques to overlay the kidney reconstruction 
model with intraoperative images through PnP algorithm, an initial registration error of approximately 
2 mm can be achieved, which will effectively assist doctors in performing precise nephrectomy.

The effectiveness of this network has been verified not only on 3D medical images but also on 2D images. 
Furthermore, more applications can be developed and explored for multiple scenarios such as satellite 
image analysis and industrial scratch detection.
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Figure 9. Schematic diagram of segmentation results.

5. DISCUSSION
Despite the many advantages of our method, the uncertain impact of our proposed contour loss function in
the early stages of network training cannot be ignored. In addition, we only trained the network on three
datasets related to slender structures. Although we have demonstrated its effectiveness for slender
structures, further exploration is needed to determine whether this method is equally applicable to some
other morphological structures.

6. CONCLUSIONS
In this study, we focused on image segmentation of slender structures and proposed a multi-directional
attention mechanism that can be embedded in the basic units of the network. This attention mechanism can
adapt well to the morphological changes of slender structures and does not bring uncertain effects to the
network in small datasets due to its simple structure. In addition, our proposed contour loss and GSA skip
connections have also improved the network. Experimental verification has also demonstrated the
advantages of our method.
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Figure 10. Schematic diagram of AR guidance system for laparoscopic partial nephrectomy. AR: Augmented reality.
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