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Abstract 

 
Accurate liver segment segmentation based on radiological images is indispensable for the 
preoperative analysis of liver tumor resection surgery. However, most of the existing 
segmentation methods are not feasible to be used directly for this task due to the challenge of 
exact edge prediction with some tiny and slender vessels as its clinical segmentation criterion. 
To address this problem, we propose a novel deep learning based segmentation model, called 
Boundary-Aware Dual Attention Liver Segment Segmentation Model (BADA). This model 
can improve the segmentation accuracy of liver segments with enhancing the edges including 
the vessels serving as segment boundaries. In our model, the dual gated attention is proposed, 
which composes of a spatial attention module and a semantic attention module. The spatial 
attention module enhances the weights of key edge regions by concerning about the salient 
intensity changes, while the semantic attention amplifies the contribution of filters that can 
extract more discriminative feature information by weighting the significant convolution 
channels. Simultaneously, we build a dataset of liver segments including 59 clinic cases with 
dynamically contrast enhanced MRI(Magnetic Resonance Imaging) of portal vein stage, 
which annotated by several professional radiologists. Comparing with several state-of-the-art 
methods and baseline segmentation methods, we achieve the best results on this clinic liver 
segment segmentation dataset, where Mean Dice, Mean Sensitivity and Mean Positive 
Predicted Value reach 89.01%, 87.71% and 90.67%, respectively. 
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1. Introduction 

Liver segmentation is a prerequisite for automatic image analysis, one important step is 
subdividing the liver into anatomical regions, that is, liver segments. According to the widely 
used “Couinaud Classification” [1, 2], lobes of the liver are divided into eight segments based 
on a transverse plane through the bifurcation of the main portal vein. The segmentation of the 
liver into independent units is significantly in surgical treatment, as segment with tumor 
involved can be resected individually without damaging the remaining segments, which could 
preserve the liver function as much as possible. Radiological images like computer 
tomography (CT) or magnetic resonance imaging (MRI) with contrast-agent administration 
could clearly show the anatomic structure such as liver vein, portal vein as well as their 
vascular branches, which are fundamental for the delineation of liver segments. Hence, 
accurate liver segment segmentation based on radiological images is essential and 
indispensable preoperationally for the possible resection management of liver tumor. 

Most existing liver segment segmentation work is based on traditional image processing 
methods and employ similar processing procedures. First, segmentation of the blood vessels 
in the liver is done with kinds of traditional image processing methods. Then, the nearest 
neighbor approximation algorithm is used for liver segment segmentation while taking the 
relative vessel segmentation as a reference [3, 4, 5]. Although using the traditional 
segmentation methods provide the solution of the liver segment segmentation, there still exist 
some shortcomings. Specifically, traditional methods are not good at dealing with blurred 
boundaries, nor can they distinguish which blood vessels can be regarded as the reference for 
segmenting liver segments. Furthermore, these methods are not flexible in fitting to the varied 
characteristics of the data.  

Nowadays, semantic segmentation based on deep learning has been applied in many 
medical scenarios, including organ segmentation [6, 7], vessel segmentation [8, 9], liver tumor 
segmentation [10, 11], 3D Reconstruction [12], and visual enhancement [13]. It is not difficult 
to think that applying deep learning to the liver segmentation task would be a feasible approach. 
However, most of the existing deep learning segmentation methods are not suitable for the 
liver segment segmentation task. Because one of the important basis of liver segment 
segmentation is specific vessels which are normally tiny and slender. These methods do not 
highlight the features of vessels and ignore the boundary details, which can lead to a decrease 
in segmentation accuracy. To address this problem, we propose a novel network framework 
for liver segment segmentation with combining two attention mechanism, named Boundary-
Aware Dual Attention Guided Liver Segment Segmentation Model (BADA). In our BADA, a 
spatial attention module and a semantic attention module are built to perform attention 
weighting in parallel from both pixel and channel dimensions. It reuses the low-level feature 
map with richer boundary position information, and fuses it with the high-level feature map 
with richer semantic feature information as a gated signal to weight the boundary detail 
information. The proposed dual attention processing is employed at every layer at the decoding 
path of U-Net.  

The main contributions of our work are as follows: 
1) We propose a novel Boundary-Aware Dual Attention model (BADA) for liver segment 

segmentation. In our proposed network, the boundary between the liver and its surroundings 
and the boundaries between segments are highlighted. Accordingly, it enhances the accuracy 
of liver segment positioning and boundary recovery. 
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2) A dual attention module is proposed to make full use of both spatial and semantic 

information at every level of U-Net, which facilitate revealing the characteristics of boundaries 
at different scales. 

3) A well-labeled dataset of liver segments is built from clinical cases. Comprehensive 
comparative and ablation experiments have been done on the built dataset. The experiments 
demonstrate that we achieve state-of-the-art results.  

2. Related Work 

2.1 Attention Mechanism 
Attention mechanism was first used in natural language processing and has made great 

progress in computer vision tasks in recent years [14, 15]. The attention mechanism can 
capture the dependencies between pixels and highlight key areas in the image. SE-Net [16] is 
designed for image classification tasks, which employs a channel self-attention module to 
adjust the weight of channels. DA-Net [17] uses the dual attention of spatial and channel to 
enhance the discriminant ability of feature representations for scene segmentation. These 
methods employ the self-attention mechanism and consume a lot of computing resources. 
Moreover, the position information provided by the low-level feature map is not fully utilized. 

2.2 Semantic Segmentation in Biomedical Image 
Olaf Ronneberger et al. proposed a U-shape network for neuronal structure and cells 

segmentation, called U-Net [18], which has become the most common backbone network used 
in biomedical image segmentation. U-Net has symmetric encoding path and decoding path. 
Using skip connection between the same resolution stages, U-Net improves the accuracy of 
feature positioning and boundary recovery. At present, most of the segmentation models of 
biomedical images are variants of U-Net [19, 20, 21]. First, ResUNet [22] and DenseUNet [23] 
are inspired by residual connection and dense connection between convolutional layers, 
respectively. They replace each submodule of U-Net with the module with residual 
connections and dense connections. Although ResUNet is originally suitable for remotely 
sensed data segmentation, it is widely used as a baseline network in the biomedical image 
segmentation tasks, such as ResUNet++ [24]. 

Second, because of the multi-modality characteristics of biomedical images, some 
researchers work on the biomedical image segmentation by using multi-modal fusion method. 
Tseng et al. [25] design a cross-modality method for brain tumor segmentation, which fuses 
four MRI sequences Flair, T1, T1c, and T2. Jia et al. [26] employ a multi-path encoder to fuse 
the multi-modality data to complete the brain tumor segmentation task.  

Currently, attention mechanism, which is widely used in natural language processing and 
natural image analysis, is also applied to biomedical image segmentation. Researchers hope to 
use attention mechanisms to highlight key areas in each image [27, 28]. Attention U-Net [29] 
designs a spatial attention gate to segment gastric cancer and the pancreas by using CT images. 
ET-Net [30] introduces a channel attention mechanism for retina vessel and the lung 
segmentation. 
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Meanwhile, semi-supervised learning, self-supervised learning and the use of transformer 
to process computer vision tasks are also relatively popular. Chen et al. [31] address the 
limitations of U-Net long-range dependency using the global self-attention mechanism innate 
to transformer. Li et al. and Agisilaos Chartsias et al. [32, 33] use a semi-supervised learning 
approach to solve the problem of lack of labeled samples and large number of unlabeled 
samples in medical image segmentation tasks. 

Referring to the previous work and taking the live segment segmentation as problem, we 
propose a modified structure of two attention mechanism with a spatial attention module and 
a semantic attention module. We reuse the low-level and the high-level fused feature map as 
gated signal in the high-level feature learning, which facilitates to highlight the boundary 
impact and accordingly improve the accuracy of segmentation. The experiments in the later 
section demonstrates the effectiveness of our method. 

3. Method 

3.1 Overall architecture of proposed network 
Our boundary-aware dual attention module is inspired by DANet [17]. DANet adopts 

both spatial and channel attention mechanism, which achieves good results for the natural 
image segmentation task. Similarly, we develop a boundary-aware dual gated attention 
mechanism, and apply it on the U-Net backbone network. Due to the symmetric network, U-
Net is useful for recovering the image to the original resolution step by step at the decoding 
path, so that the small details like the vessel boundaries in the image can be maintained. 
Accordingly, deployed the dual attention module at each resolution level of U-Net, the 
boundary recovery performance is supposed to be fostered. Furthermore, the key point of our 
proposed dual gated attention is to use the low-level and the high-level fused feature maps as 
gated signal. So that we enhance awareness to the edges by reusing the information of the low-
level feature map, which retains more prominent boundary information comparing to the high-
level one. By feeding this information together with the current high-level feature into the dual 
gated attention module, the feature differences are increased and boundary information is more 
prominent. Therefore, instead of using self-attention, our model performs gated attention 
weighting with fusing high-level and low-level features.  

The architecture of our proposed network is shown in Fig. 1. In our model, we select U-
Net with residual blocks [34] as the backbone network. The dual attention blocks with 
rectangle boxes denoted in Fig. 1 are added at the skip connection between the left decoding 
paths and the corresponding right encoding paths at each layer. As in the Fig. 1, the overall 
processing procedure of our proposed network is illustrated as follow. Firstly, for each dual 
attention module, the fused adjacent feature maps are loaded, i.e. the low-level feature map 
from the encoding path and upsampled high-level feature map from the decoding path. In our 
liver segment segmentation task, the low-level feature map contains more intensity detail 
information like edges reflecting the boundaries of the liver and the liver segment, while the 
high-level feature map contains more abstract semantic and category information for 
distinguishing the liver area from the background area or between liver segments. The fusion 
of the two feature maps can highlights the boundary and position information of the liver and 
liver segments and enhance the recognition of the boundary points. 
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Fig. 1. Overview of network structure 
 

Then, the fused feature map loaded into dual attention block is processed with counting 
the channel and pixel attention weight maps, respectively. In this way, the pixels around the 
boundary can obtain larger weights at the spatial level, which increases the feature difference. 
At the channel level, channels that contain more discriminative semantic category information 
can obtain larger weights while invalid channels are suppressed with less weights. 

Finally, the original feature map is multiplied with two derived attention maps 
respectively. The element-wise sum is then employed to aggregate two attention-weighted 
feature maps and obtain the final output from each dual attention module. 

 

3.2 Spatial Attention Module 
Boundaries are the edges between the objects, while edges are a set of points with sharp 

intensity changes. Therefore, the possible boundaries between liver segments i.e. blood vessels 
have obvious spatial characteristics of edges with salient intensity changes. To obtain the 
discriminate expression of the image for revealing the boundary attribution, we develop the 
spatial attention module to weight the important spatial information of the feature map. In view 
that edge point positions in different channels of the feature maps ought to be consistence, we 
weight each channel in the feature map using the attention map generated by the same gated 
signal calculation. Thereby, important information such as the boundary information and 
position information of the liver segments will always be highlighted.  

In this module, the fusion feature map is compressed into a single-channel map, and each 
pixel represents a weight, which is multiplied by the original feature map. The detail of the 
proposed spatial attention calculation is introduced as follows. 

As illustrated in Fig. 2(a). First, given the low-level feature 𝐹𝐹𝑙𝑙 ∈ ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊  from the 
decoding path and the high-level feature 𝐹𝐹ℎ ∈ ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊 from the previous layer, we feed them 
into two different convolution kernels 𝑊𝑊𝑙𝑙 ∈ ℝ𝐶𝐶×𝐶𝐶 and 𝑊𝑊ℎ ∈ ℝ𝐶𝐶×𝐶𝐶, and obtain two new feature 
maps 𝐹𝐹𝑙𝑙′ ∈ ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊, 𝐹𝐹ℎ′ ∈ ℝ

𝐶𝐶×𝐻𝐻×𝑊𝑊, respectively. Next, we concatenate the two new feature 
maps along the channel dimension to generate the low-level feature and high-lever feature 
fused map 𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ∈ ℝ2𝐶𝐶×𝐻𝐻×𝑊𝑊. The fused map after concatenation is activated once by ReLu, 
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and then feed into a network consisting of a convolutional layer 𝑊𝑊𝑐𝑐 ∈ ℝ2𝐶𝐶×𝐶𝐶, a BatchNorm 
layer and a ReLu activation function. This operation normalizes the channel dimension of the 
fused map to 𝐶𝐶, i.e. 𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

(𝑓𝑓) ∈ ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊. At this point, the low-level feature map and the high-
level feature map are integrated while keeping the spatial information and the reduced 
dimension. After that, we feed the integrated feature map into a convolutional layer 𝑊𝑊𝑓𝑓 ∈
ℝ𝐶𝐶×1 to compress it to a single-channel feature map. Then, we perform a Sigmoid function to 
normalize it to [0,1] to generate the spatial attention map 𝜓𝜓𝑐𝑐𝑐𝑐𝑐𝑐

(𝑓𝑓) ∈ ℝ1×𝐻𝐻×𝑊𝑊. Thus, the attention 
map is obtained, where each pixel represents the weight indicating its salient extent in the 
origin feature map from the perspective of spatial view. Finally, we perform an element-wise 
product between the spatial attention map 𝜓𝜓𝑐𝑐𝑐𝑐𝑐𝑐

(𝑓𝑓)  and the low-level feature map 𝐹𝐹𝑙𝑙 from the same 
resolution stage of the decoding path, to obtain the final weighted feature maps, i.e. 𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐

(𝑓𝑓) ∈
ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊from the spatial attention module. The entire process is formulated as Eq. (1)-Eq. (4): 

 
         ( ;  )T T

l l lconca h h htF Concat W F b W F b= + +                                     (1) 
                                                ( )

1 1( ( ) )s T
fuse c CONCAT cF W F bσ σ= +                                               (2)    

                                                  ( ) ( )
2 ( )s T s

att f fuse fW F bψ σ= +                                                    (3)                                                                                                                                                                                                                                           

                                                   ( ) ( )s s
att att lF Fψ= ⊗                                                             (4) 

                                          
 

(a) Spatial attention module 

(b) Semantic attention module 
Fig. 2. Boundary-aware dual attention module 
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where 𝑏𝑏𝑙𝑙, 𝑏𝑏ℎ, 𝑏𝑏𝑐𝑐, 𝑏𝑏𝑓𝑓 are bias terms corresponding to different convolutional layers, 𝜎𝜎1and  
𝜎𝜎2 denote the ReLu activation function and the Sigmoid activation function respectively. 

With respect to merge the high-level and low-level feature maps, we don't use the 
element-wise sum method directly, which is employed in Attention U-Net [29]. Instead, we 
adopt the channel dimension concatenation method. In this way, we can use convolution 
operations for fusion to have one more feature learning opportunity, while maintaining the 
consistency of spatial information. 

3.3 Semantic Attention Module 
Each feature map generated from the different kernel filter reflect a certain attribution 

associated with a kind of semantic clues. So, highlighting the relative channels in revealing 
the boundary semantics and suppressing the irrelevant channels can improve the accuracy of 
segmentation. Inspired by the above idea and referring to the channel attention idea, we 
propose our semantic attention module which takes account of the kernel difference in 
reflecting the boundary semantic clues.  

In the semantic attention module, the fused feature map is compressed into a one-
dimensional column vector, which represents the weight of each channel. The semantic 
attention module detailed structure is illustrated in Fig. 2(b), which employs the same gated 
method we proposed in our spatial attention module. Meanwhile, the same feature map 𝐹𝐹𝑙𝑙, 𝐹𝐹ℎ 
as input and shared parameters 𝑊𝑊𝑙𝑙, 𝑊𝑊ℎ of the convolutional layers for the low-level feature 
and the high-level feature are used as in the spatial attention module, respectively. Different 
from the spatial attention module, fused scheme of low-level feature and the high-level feature 
map in the semantic attention module performs an element-wise sum to generate the fused 
map 𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

(𝑐𝑐) ∈ ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊, for this operation is better for maintaining the consistency of semantic 
class (channel) information. Similarly, convolutional layer and fully connected layer are not 
used in this module, which reduces the impact on semantic information and also reduces the 
amount of calculation. After obtaining the fused feature map, we employ the global average 
pooling to downsample each channel map of 𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

(𝑐𝑐)  to obtain a one-dimensional vector. After 
using the Sigmoid function to activate the one-dimensional vector, the semantic attention map 
𝜓𝜓𝑐𝑐𝑐𝑐𝑐𝑐

(𝑐𝑐) ∈ ℝ𝐶𝐶×1×1 is obtained. The last step of this module is performing an element-wise product 
between the semantic attention map 𝜓𝜓𝑐𝑐𝑐𝑐𝑐𝑐

(𝑐𝑐)  and lF . Let 𝑏𝑏 = 𝑏𝑏𝑙𝑙 + 𝑏𝑏ℎ, the entire process can be 
formulated as Eq. (5)-Eq. (7): 
                                                        ( )c T T

fuse l l hF W F W F b= + +                                                  (5) 

                                                     ( ) ( )
2 1( ( ( )))c c

att fuseGAP Fψ σ σ=                                                  (6)                                                               

                                                             ( ) ( )c c
att att lF Fψ= ⊗                                                           (7) 

                                                                          

3.4 Aggregation for Attention Module 
The fused attention is obtained by aggregating the two outputs from the parallel attention 

modules. Specifically, we perform an element-wise sum between the outputs of spatial 
attention module 𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐

(𝑓𝑓) and semantic attention module 𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐
(𝑐𝑐) to generate a fused attention map. 

Then, we send the fused attention map into a convolution layer with a kernel size of 1 × 1 and 
obtain the final attention map. After that, the final attention map concatenates with the previous 
layer feature map to accomplish the skip connect of U-Net. The whole procedure is illustrated 
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in Fig. 3. As we can see, different from the input of traditional U-Net skip connection, our 
proposed model uses low-level feature maps weighted by boundary-aware dual attention as 
input to enhance the boundary, semantic, and location information. 

Fig. 3. Aggregation Procedure for Attention Module 

3.5 Consideration in determination of Backbone Networks 
FCNs (Fully Convolutional Networks) and U-Net are the two most commonly used 

backbone networks in semantic segmentation. For medical image segmentation tasks, it is 
consensus that U-Net has better performance. Therefore, in the paper, we prefer to use the U-
net as backbone. However, to explore the effectiveness of the symmetric U-net and the 
asymmetric FCN as our backbone, we modify our proposed symmetric based network into 
several asymmetric forms (base on FCNs) in this section. Moreover, we set up an ablation 
experiment in section 4.4 to do the further comparison between the FCN-based and U-Net-
based models. 

Fig. 4. Asymmetric network with 2 upsamples 
 
The decoding path in our proposed U-Net-based model contains four upsample operating 

layers. The feature map loading on each upsample operating layer is weighted with the 
attention map from the dual gated attention module. Besides, three variant FCN-based models 
are built for the comparative analysis, where they perform the upsample operation and the 
attention weighting operation once, twice, and three times, respectively. These upsample 
operations are used to reshape the feature map to the same size of input. Take the FCN-based 
model with two upsample operations as an example, the network structure is shown in Fig. 4. 

3.6 Mixed Loss Function 
Dice loss is one of the most commonly used loss functions for image segmentation as 

shown in Eq. (8). It calculates the coincidence rate between the predicted image and the ground 
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truth. The value range of the dice loss function is [0,1], 0 means completely overlaping, and 1 
indicates totally non-overlaping. 

 
                                                                                       (8) 

 
 
where A and B denote the predict pixels and the ground truth, respectively. 

Cross-entropy loss is another commonly used function by measuring the difference 
between two probability distributions. In the image segmentation task, cross-entropy function 
is defined as Eq. (9) with calculating the average probability difference between pixels of the 
predicted image and the ground truth.  

                               
                                                             (9) 

 
where N denotes the number of pixels, i indicates the i-th pixel in the image, y and 𝑦𝑦� denote 
the one-hot vector of segment mask of the ground truth and the predicted results, respectively. 

Considering the cross-entropy loss is calculated at the pixel level, the training is prone to 
be dominated by the categories with more pixels, and it is not conducive for feature learning 
of small objects. Therefore, the cross-entropy loss is more suitable for the situation where 
sample categories are balanced. In contrast, the Dice loss can deal with unbalanced sample 
categories, but training might be unstable when sample categories are balanced. In view of the 
existence of both balanced categories and unbalanced categories in our data set, therefore, we 
combine these two loss functions. The adopted loss function is defined as Eq. (10): 

 
                                                                     (10) 

 
where 𝜆𝜆1  and 𝜆𝜆2  are hyperparameters. In determining the value of these two 

hyperparameters, we do the following exploration. With the epoch of training increases, the 
gap between the dice loss and the cross-entropy loss is large, which may make the loss function 
retreat to the dice loss. To balance their contribution, we consider to set 𝜆𝜆1 and 𝜆𝜆2=0.1 in the 
experiment. However, experiments show that this hyperparameter setting affects the decline 
of the dice loss, which cause a quick convergence of the dice loss. To eliminate this problem 
and achieve a better result, the final hyperparameter is set with 𝜆𝜆1=𝜆𝜆2=1 

4. Experiments 
In this section, we first introduce our liver segment segmentation dataset and evaluation 

metrics. Then, some ablation experiments are performed to evaluate the effectiveness of key 
modules in our method. Finally, we compare our model with several state-of-the-art methods 
from both qualitative and quantitative aspects. 

 

 (a) Couinaud liver segments method                      (b) 3D reconstruction label 
Fig. 5. Couinaud Segmentation Method 
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4.1 Dataset 
In this study, we collect a dataset with 59 liver MRI from Beijing Friendship Hospital. 

The cases in the dataset are deliberately selected from different liver diseases, such as cyst, 
focal nodular hyperplasia, hemangioma etc. Portal vein phase MRI after contrast-agent 
administration were used to label the main blood vessels such as hepatic veins and portal veins 
by four experienced radiologists.  

We use the Couinaud liver segments method as the liver segment segmentation medical 
standard in the dataset, which is currently one mainstream liver segments definition methods 
[1, 2]. According to this medical criteria, the liver is separated into eight segments (numbered 
Ⅰ to Ⅷ) based on  the vascular supply. Segment Ⅰ is the caudate lobe. Segments Ⅱ and Ⅲ lie 
lateral to the falciform ligament with Ⅱ superior to the portal venous supply and Ⅲ inferior. 
Segment Ⅳ lies medial to the falciform ligament and is subdivided into Ⅳa  (superior) and 
Ⅳb (inferior). Segments Ⅴ to Ⅷ make up the right part of the liver. Segment Ⅴ is the most 
medial and inferior. Segment Ⅵ is located more posteriorly. SegmentⅦ is located above 
segment Ⅵ. Segment Ⅷ sits above segment Ⅴ in the superior-medial position. Fig. 5(a) 
illustrates the segment method with an example and Fig. 5(b) is its 3D reconstruction display. 
In the figure, we use nine different colors to mark and label different liver segments.  

In the experiments, the dataset is randomly divided into three subsets. 75% of data is used 
for training, 10% of data is used for validation, and 15% of data is used for testing. In other 
words, the training set contains 45 cases, the validation set contains 5 cases, and the test set 
contains 9 cases. Considering that deep neural networks usually require large amount of 
training data, we slice 3D original data into 2D planes as samples. In the end, we have 2984 
training images, 398 validation images and 597 test images. This dataset is annotated with 9 
liver segment classes and one background class. 

4.2 Evaluation Metrics 
To evaluate the proposed method, we employ Dice, Sensitivity (Sens), and Positive 

Predicted Value (PPV) as the evaluation metrics, which are defined as formula 11-13 
respectively. 

    2
2

TPDice
TP FP FN

×
=

× + +
                                              (11) 

                                                 TPSensitivity
TP FN

=
+

                                                 (12) 

                                                      TPPPV
TP FP

=
+

                                                     (13)                                                                                                                

where TP, TN, FP, FN denote true positives, true negatives, false positives, and false negatives. 

4.3 Implementation Details 
We use ResUNet as the backbone network. Specifically, considering the limitation of the 

dataset scale, we adopt the improved ResUNet introduced by He et al. [35], which is simple 
but effective. A 2 × 2 average pooling layer is added to the shortcut connection prior to 
the 1 × 1 convolutional layer for the transitioning blocks with stride of two. This method can 
make up for the loss of feature information caused by the downsampling using stride 
convolution.  
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We employ a poly learning rate policy that the initial learning rate will be multiplied by 
0.1, if the dice metric on validation set does not reduce in 10 epochs. So that we can reduce 
the value of loss function as much as possible and make the training more thorough. The initial 
learning rate is set to 0.001 for all the methods used in experiments. The minimum learning 
rate is set to 0.00001. We employ Adam optimizer [36] and weight decay is set to 0.00004. 
Batchsize is set to 64. For data processing, the derived 2D data sliced from the 3D volumes 
are resized to 512 × 512 using bilinear interpolation. The pixel intensity is normalized to (0,1). 
We implement our method based on Pytorch. Two Nvidia GeForce GTX 1080ti GPUs are 
used to train our model several times to ensure the reliability of the results. For each time, the 
model will be trained 150 epochs to make the model fully converge. 

 

4.4 Ablation Study 
To verify the effectiveness of each module of BADA, we conduct ablation experiments 

addressing the performance of the boundary-aware dual attention mechanism and the 
symmetric U-shape network, respectively. 

4.4.1 Ablation Study for Attention Modules 
Boundary-aware dual attention can highlight significant parts of the feature maps that 

contribute most to segmentation from both the pixel and channel perspectives. To explore the 
impact of the two attention modules on the segmentation results, we adopt one attention 
scheme viz. the spatial attention module and the semantic attention module respectively to do 
the performance evaluation. The relative experiment results under the specific settings are 
shown in Table 1. 

Here, we employ two models U-Net and ResUNet as baselines. As shown in Table 1, 
attention module brings a significant improvement in the experimental results. Our proposed 
model with spatial attention module achieves results of 87.39%, 86.30%, and 89.19% on Mean 
Dice, Mean Sens, and Mean PPV, respectively. Simultaneously, the model that employs 
semantic attention module reaches results of 86.25%, 85.82%, 88.7% on those three metrics. 
Compared with the baselines, the model with spatial attention module improves about 7-9%, 
while the model with semantic attention module improves about 6-8%. This shows that the 
spatial attention module can play a more important role. 

With the gated attention modules aggregate the attention from the above two angles in 
the same model, the results improve further, reaching 89.01%, 87.71% and 90.67% on Mean 
Dice, Mean Sens and Mean PPV respectively. This demonstrates that the aggregated 
symmetrical gated attention module can make use of the information of the spatial dimension 
and the channel dimension and accordingly achieve a better segmentation effect. In other 
words, the spatial information reveals the local salient regions i.e. liver blood vessels and the 
semantic information reflects important feature expressions. Additionally, the attention 
modules employed at every resolution level are helpful to enhance the important features at 
different scales. Therefore, when the two modules are aggregated in the same network model, 
they can complement each other to foster the increasing of the segmentation accuracy. 
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Table 1. Ablation Study for Attention Module 
Method Mean Dice(%) Mean Sens(%) Mean PPV(%) 

Baseline(U-Net) [13] 79.70 77.56 83.25 
Baseline(ResUNet) [17] 85.14 85.71 87.14 

Our method (with only Spatial) 87.39 86.30 89.19 

Our method (with only Semantic) 86.25 85.82 88.79 

Our method (with dual attention) 89.01 87.71 90.67 

4.4.2 Ablation Study for Backbone Structure 
The ablation experiment on structure of the backbone network is to study performance of 

network in the symmetric or asymmetric structure. Here, we mainly explore the difference 
between the U-Net based symmetric model and the FCNs based asymmetric model in the liver 
segments segmentation task. The optional network structure has been introduced in section 
3.5, so this section mainly provides the experimental results and do the comparative analysis 
with some quantitative metrics and subjective visualization results. The comparative 
experiments conducted under different settings are shown in Table 2. 

The models in the first three rows are in asymmetric structure, and the model in the last 
row is the symmetric model we proposed. Since our proposed attention module is applied after 
every upsample operation, the similar attention modules used by the four models in this table 
is the same as the number of upsample operations they perform. As the results are shown in 
Table 2, the model with more upsample operations and more attention mechanisms get a better 
performance in segmentation. Compared with the FCN-based models (the first three rows) 
which commonly used for scene segmentation, our proposed symmetric model (the last row) 
improves segmentation performance by 7.67%, 4.05%, 1.99%, respectively. Furthermore, we 
visualize the corresponding segmentation results as shown in Fig. 6. It can be seen that 
although the asymmetric model can roughly segment the liver sections, but there exist obvious 
deficiencies in boundary recovery, and even mosaic edges appear. However, with increasing 
upsample times from 1 to 4 times as in Fig. 6, the grade of the mosaic edge phenomenon 
degrades. Obviously, the effect of image boundary recovery and positioning gets better as well. 
It can be discovered that using the symmetric U-net model with the feature map concatenating 
between the encoding path and the decoding path at the same resolution stage is beneficial to 
improve the accuracy and precision of liver segment segmentation with feature details added 
at the decoding path. Therefore, adopting the U-Net-based symmetric model as basis, which 
doing the concatenation of feature maps at every scale level, will strive to obtain better effect 
of positioning and boundary recovery. 

 
Table 2. Ablation Study for Backbone Network 

Method Mean Dice(%) Mean Sens(%) Mean PPV(%) 

Proposed(with 1 Upsample) 81.34 80.76 82.32 

Proposed(with 2 Upsample) 84.96 84.17 86.42 

Proposed(with 3 Upsample) 87.02 85.99 88.09 

Proposed(with 4 Upsample) 89.01 87.71 90.67 
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Fig. 6. Visualization results of symmetric and asymmetric model ablation experiments. 

4.5 Comparative Experiments 
To verify the performance of our proposed model, we conduct a comparative experiment 

with several methods on the liver segment dataset. For a fair comparison, we modify SE-
ResNet and DANet from FCN-based to U-Net-based. Since Dice is the main metric, we record 
the Dice of each liver segment in this comparison experiment. For the other two metrics, we 
only show their average values across all liver segments. Results are shown in Table 3 and 
Table 4. We can see that our method achieves the best performance among the comparative 
methods in all three metrics. Especially, our model outperforms SE-ResNet (Base on U-Net) 
[11] and DANet (Base on U-Net) [12] by a large margin. Analyzing the reason, we discover 
both these two methods use the self-attention mechanism. The experiment results show that 
self-attention does not exert an effective effect in the segmentation task of the liver segment, 
because it does not emphasize the boundary location information. In contrast, the gated 
attention mechanism in our method employs the fusion map of the high-level and the low-
level feature as the gated signal. The experimental result demonstrates the effectiveness of our 
method with the proposed boundary-aware attention mechanism to highlight important 
features of liver segment positions and boundaries. In view of the main metric Dice, our 
method achieves the best segmentation performance on 8 of the 9 liver segments and on Mean 
Dice. Besides, our model outperforms the second-best models 2.62%, 2.37%, 2.29% in Mean 
Dice, Mean Sens, Mean PPV, respectively, and reaches 89.01%, 87.71%, 90.67%. Also, our 
proposed model (with Spatial) in the ablation experiment and Attention ResUNet only differs 
in the feature fusion method, however it achieves a 1.68% improvement. This proves that our 
adopted channel dimension concatenation method can effectively maintain the spatial feature 
consistency.  

 
Table 3. Dice metric of per-class results of comparison study 

Method 
I 

(%) 
II 

(%) 
III 
(%) 

 

IVA 
(%) 

IVB 
(%) 

V 
(%) 

VI 
(%) 

VII 
(%) 

VIII 
(%) 

Mean
(%) 

U-Net 74.35 66.15 79.12 76.01 79.34 87.04 85.45 84.75 85.07 79.70 

U-Net++ 76.97 73.72 83.55 84.17 90.57 90.16 90.04 91.41 87.23 85.32 

ResUNet 79.30 77.64 83.44 86.19 79.94 91.13 89.69 90.72 91.84 85.54 

Attention  
U-Net 77.30 76.28 84.61 82.42 88.00 91.50 91.41 88.98 89.82 85.59 

Attention 
ResUNet 80.05 79.09 85.06 83.91 86.60 89.85 88.03 88.96 89.81 85.71 

SE+ResUNet 78.12 77.97 84.64 87.64 86.43 91.09 90.38 89.84 91.36 86.39 
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To have intuitive understanding of performance achieved in liver segment segmentation 

task, the comparative analysis with visualization results of the above experiments are done.  
Some segmentation results are shown in Fig. 7. It can be found that the segmentation results 
of our method are highly consistent with Ground Truth in terms of the region position and 
boundary. In contrast, there are some significant problems in the other five methods. As shown 
in second column in Fig. 7, the traditional U-Net has a poor performance on this task, where 
a number of obvious wrong segmentation errors in liver segment regions, and the inaccurate 
segmentation boundary comparing to that in Ground Truth. Attention U-Net and Attention 
ResUNet employ spatial gated attention method. As shown in third and fourth columns in Fig. 
7, their results are significantly better than that of U-Net in the positioning of liver segment 
boundaries. However, there are still wrong and missing segmentation regions. Analyzing the 
reasons, it is considered that the semantic information of the key regions is not prominent 
enough, which leads to the bias of judgment on the category. Comparing with that, our 
methods with additional region semantic attention achieves better performance at this point as 
shown in the last column. SE-ResUNet performs a channel self-attention mechanism. As 
shown in sixth column in Fig. 7, there exist some visible inconsistencies in the boundary region 
pixel class judgments. From this, we can tell using single self-attention mechanism is not 
enough for revealing region position and boundary information. Otherwise, DANet uses a dual 
self-attention mechanism and the parallel attention module, its results are shown in the fifth 
column in Fig. 7. However, it can still be found from the results in the second row that this 
dual self-attention mechanism does not reuse the boundary location information in the low-
level feature maps even if the category judgments are correct, which leads to poor boundary 
localization as well. This indicates that the self-attention mechanism by computing inter-pixel 
and inter-channel dependencies does not achieve as good results in the field of medical image 
segmentation as it does in the field of natural image segmentation. This may be because there 
are strong correlations between objects and objects in natural images, which is not the case in 
medical images. Comparing with others, BADA performs a boundary-aware dual attention 
processing with fused attention from paralleled spatial attention module and semantic attention 
module. Consequentially, our method can solve the problem of inaccurate positioning of liver 
segment boundaries and incorrect semantic category judgment in this task. The best results 
from visualization view have been obtained in the experiment.  
 

Table 4. Dice metric of per-class results of comparison study 

DA+ResUNet 79.47 80.49 85.73 86.24 88.01 89.75 88.06 88.35 89.98 86.23 

DANet 69.12 77.96 79.43 80.94 83.19 83.22 82.21 83.58 86.21 80.65 

Our method 80.49 83.80 86.84 89.48 91.89 92.39 91.49 91.58 87.23 89.01 

Method Backbone Mean Sens(%) Mean PPV(%) 

U-Net U-Net 77.56 83.25 

U-Net++ U-Net 84.17 88.65 

ResUNet ResNet 85.71 87.14 

Attention U-Net U-Net 84.28 88.10 
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Fig. 7. Examples of visualization of comparison experiment results on test set. 
 

 
Furthermore, to explore the prominence of our method for the boundary information and 

the location information of the region to be segmented, we visualize the heat map of the 
attention mechanism, the weighted feature map and the output of the intermediate layer of the 
network. We visualize the regions of interest of our method and some comparison methods for 
the same image by using Grad-Cam [37], and show them as heatmaps in Fig. 8. Here we only 
compare the two most classic and most widely used medical image segmentation methods U-
Net and Attention U-Net. As shown in the figure, the heatmap for U-Net without using the 
attention mechanism reflects no reasonable salient areas. In contrast, Attention U-Net and our 
method use the attention mechanism. The corresponding heatmaps of both methods reveal that 
prominent areas are weighted with high attention especially that around the liver contour. In 
addition, our method achieves the expected result with highlighting the possible boundaries 
like the two blood vessels depicted with the white boxes in heatmap of our method as in Fig. 
8.  

Attention ResUNet ResNet 84.78 87.72 

SE+ResUNet ResNet 85.34 88.38 

DA+ResUNet ResNet 85.25 88.05 

DANet ResNet 79.80 82.14 

Our method ResNet 87.71 90.67 
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Fig. 8. Examples of visualization of heatmaps on test set. 

Fig. 9. Examples of visualization of the feature maps after attention weighting.  
 

To have idea of gradually improving results of segmentation, the feature maps after dual 
attention weighting and the intermediate layer prediction results at the decoding path are 
shown in Fig. 9 and Fig. 10, respectively. The first row and the second row display the 
corresponding results at the fourth layer (after 4 times upsample) and the third layer (after 3 
times upsample) respectively in Fig. 9 and Fig. 10. As shown in Fig. 9, we can tell that feature 
obtained from U-Net without any attention mechanism can hardly distinguish the liver 
segments with similar representation of all segments. Comparing with it, features from 
Attention U-Net capturing the relative boundary clues between the liver segments, but it is still 
not very distinguishable with obvious different expression. The fourth and fifth columns of the 
figure show the weighting effect with spatial attention and semantic attention alone in our 
method, respectively. We can clearly see that the spatial attention branch distinguishes the 
liver segments well, making the boundaries between liver segments clear and distinct. The 
semantic attention branch has a clear and prominent representation of the liver region and the 
blood vessels used to segment the liver segments. The weighted feature maps after the dual 
attention fusion at the last column combines the advantages of the above, which show clearly 
distinguishable feature varieties among the liver segments and obvious boundaries between 
segments. In addition, the boundary between liver and its surroundings presents better 
distinguishable attribution with a kind of highlighted pixels along the liver contour. Therefore, 
from the perspective of feature map visualization, it can be seen that our method has learned 
more discriminative representation and facilitates the liver segment segmentation with 
accurate boundary positions. In Fig. 10, it is not difficult to see that even in the output of the 
intermediate layers of the network, the feature map using boundary-aware dual attention is 
significantly clearer in boundary recovery and liver segments position than the feature map 
using other methods. Similarly, as the feature maps in Fig. 9, the output of the intermediate 
layer of U-Net can hardly tell the liver segment with only the same feature of the entire liver 
area reflecting at the intermedia layer. Attention U-Net with using the gated attention 
mechanism achieves a significant improvement in the recovery of liver segment boundaries, 
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but there still exists some obvious errors. Specifically, the upper boundary of the liver is not 
recovered clearly. Comparatively, our method achieves intuitively highest positioning 
accuracy and vivid liver segment boundaries.  

In summary, both qualitative and quantitative experiments demonstrate that our proposed 
BADA play effective roles in liver segment segmentation and achieves the better performance 
than several baselines and state-of-art segmentation methods 

4.6 Discussion of Limitation 
To make the proposed BADA method more practical, there are still some works worth to 

be addressed in the future to overcome some limitations in the current method, which mainly 
from two aspects.  

The first is the limitation of the method. We find in the experiment results as shown in 
Fig. 8, that some boundaries in the non-interest region are enhanced together with the 
boundaries of the liver segment. Analyzing the reason, it is because that our boundary-aware 
attention mechanism enhances candidate boundaries where the pixel intensity changes 
significantly, rather than focusing solely on specific liver segment boundaries. However, this 
limitation does not bring a significant negative affection on the current experimental results. 
Our method can still accurately learn the discriminative feature as shown in Fig. 9 and Fig. 10. 
This is because the constraint of segmentation masks on the location of liver segments, which 
can guide the network model to distinguish the boundaries of liver segments and the 
boundaries of the non-interest region to some extent. Under the joint effect of our proposed 
dual attention and the empirical risk minimization, the overall segmentation performance is 
improved and achieves the best result. In spite of this, we realize that exploring more advanced 
and reasonable methods to distinguish the boundary type is worthy to research in the future. 
Therefore, in the follow-up research, we will focus on this issue to find the possible solution 
taking account of the context attention mechanism between focal and neighboring areas and 
cross-modality attention mechanism to making use of association relationship among multi-
modal MRIs.  

The second is the data limitation. Our current experiment is finished on the clinic dataset 
with only 59 cases. Current experiment results demonstrate the effectiveness of our proposed 
method. However, to prove the generalization and performance of proposed methods, we will 
continue to collect and label the additional cases to expand the dataset capacity in the future.  

 
Fig. 10. Examples of visualization of intermediate layer results 
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5. Conclusion 
In this paper, we have presented a Boundary-Aware Dual Attention Guided U-Net for 

liver segment segmentation, which fuses the low-level and high-level feature maps at the 
encoding and decoding path of U-Net. The fused feature map is regarded as the gated signal 
to calculate the attention-weighted the feature map to highlight key areas and suppress 
irrelevant areas. Specifically, our proposed boundary-aware dual attention module is 
composed of the spatial attention module and the semantic attention module in a parallel way, 
so as to calculate the attention weights from both spatial and semantic aspects to enhance 
boundary-related information. We conduct comprehensive comparative and ablate 
experiments to evaluate the performance of our approach. Experimental results show that 
BADA outperforms several baselines and state-of-the-art segmentation approaches. The 
visualization analysis demonstrate that discriminative features are learned with reflecting 
segment region and boundary information using two aspects attention weighting, where the 
spatial attention highlights the boundary and the semantic attention enhances the feature 
representation of the liver segment region and the liver blood vessel position. In all, the overall 
segmentation performance is improved with our proposed BADA guided mechanism. In the 
future, we will investigate how to incorporate context correlation information between liver 
segments to distinguish between liver segment boundaries and non-interest region boundaries. 
Moreover, we will do the further research of segmentation methods with making full use of 
multi-modal MRIs instead of using vein sequence MRI only. More complementary 
information among clinical MRI modalities can be considered in boundary attention 
calculating to improve the accuracy of segmentation. 
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