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A B S T R A C T   

Intracranial blood vessel segmentation plays an essential role in the diagnosis and surgical planning of cere-
brovascular diseases. Recently, deep convolutional neural networks have shown increasingly outstanding per-
formance in image classification and also in the field of image segmentation. However, cerebrovascular 
segmentation is a challenging task as it requires the processing of more information compared to natural images. 
In this paper, we propose a novel network for intracranial vessel segmentation in computed tomography angi-
ography, which is termed as global channel attention network (GCA-Net). GCA-Net combines a four-branch at 
the shallow feature that captures global context information efficiently that focuses on preserving more feature 
details. To achieve this, we formulate an UpSampling Module (USM) by introducing the channel attention 
mechanism when aggregating high-level features and shallow features, leading to learning the global feature 
information better. This novel design is developed into different branches to learn feature information at 
different levels. Furthermore, we introduce Atrous Spatial Pyramid Pooling (ASPP) for capturing more details in 
feature maps with different resolutions. Comprehensive experimental results demonstrate the superiority of our 
proposed method, whereby it can achieve a dice coefficient score of 96.51% and a Mean IoU score of 92.73%, 
outperforming the state-of-the-art methods.   

1. Introduction 

Intracranial interventions (e.g. ablation and embolization) are 
effective treatments for cerebrovascular diseases [1,2]. Clinically, 
computed tomography angiography is the primary imaging modality 
used for diagnosis, surgical planning, and treatment outcome evalua-
tion. Current intracranial vessel segmentation methods can be classified 
into traditional methods and deep learning methods. 

The traditional methods can also be divided into four categories, 
namely, vessel enhancement, deformable model, machine learning, and 
tracking. The vessel enhancement method is often the contrast between 
the blood vessels and the background through the region of interest 
[3–6]. Deformable models can be further grouped into edge-based and 
region-based [7,8]. In Refs. [9,10], the weighted local variance-based 
edge detection scheme was presented for vessel boundary detection. 
Machine learning-based approaches [11,12] are proposed to segment 
vessels as well. The fully-connected conditional random field was 

employed in Refs. [13,14] to obtain retinal vessels in color fundus 
photography. Tracking approaches [15,16] are particularly useful to 
segment connected vascular trees, for which the segmentation can be 
achieved using a limited number of seed points. 

Recently, deep learning, especially the convolutional neural network 
(CNN), has been widely applied in image processing and semantic seg-
mentation [17–20]. The current image segmentation model based on 
deep learning can be roughly divided into two types, namely the U-Net 
based [21] structure and the fully convolutional neural network (FCN) 
based [22] structure. The latter often uses the VGG16 [18] or ResNet 
[17] as the backbone to extract the segmentation featuresand replaces 
the last fully connected layer with bilinear interpolation. In the FCN 
based structure, multiple pooling and convolution operations lead to the 
final image prediction maps being reduced many times, and also easy to 
make some details of the feature loss. In order to solve these problems, 
many new techniques [23–25] are devised, such as Markov random field 
[26–28] and Conditional Random Fields (CRFs) [29–31]. Later, 
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researchers began to change the way the connection of networks, such as 
DeepLab V3 [32], CRF-RNN [33], DeconvNet [34], and SegNet [35]. 
Another type of segmentation method is U-Net based structure, which 
concatenates features encoding and decoding stages with skip connec-
tions [36]. Researchers have also proposed different versions of the 
U-Net based structure [37,38]. Take the V-Net [39] for example, it was 
designed to train end-to-end on Magnetic Resonance Imaging (MRI) 
volumes depicting prostate, and learn to predict segmentation for the 
entire volume at once. Drozdzal et al. [40] added skip connections 
similar to the ResNet [17] structure on the basis of FCN, making the 
network more efficient. 

Motivated by the above discussions and also the U-Net based struc-
ture, we propose a new network with a multi-path parallel structure, 
named as global channel attention neural network (GCA-Net), which 
emphasizes the inheritance relationship of the entire network feature. 
The structure of the GCA-Net is an encoder-decoder structure, as shown 
in Fig. 1, where multiple convolution pooling operations are included in 
the encoding phase, and the decoding phase includes two proposed 
modules, namely the UpSampling Module (USM), as shown in Fig. 2, and 
Atrous Spatial Pyramid Pooling (ASPP) as shown in Fig. 1(e). Benefiting 
from the characteristics of our network structure, four segmentation 
paths are built in the shallow features of the feature coding stage. This 
structure can significantly reduce the loss of information caused by 
multiple pooling. Moreover, it can locate the information of the shallow 

features about the image according to the hierarchical iterative rela-
tionship. Besides, we also use the global feature fusion module to fuse 
the score maps produced in different layers. 

The main contributions of this work are summarized as follows:  

1) We design a novel attention mechanism named the UpSampling 
Module (USM) to connect features at different levels and restore the 
feature map size.  

2) We present a new way of network connection structure, which is 
multi-path aggregation to preserve more feature details. 

3) We apply the proposed method to intracranial blood vessel seg-
mentation. Results show that our method outperforms state-of-the- 
art methods in terms of several commonly used evaluation metrics. 

The remainder of this paper is organized as follows. Section 2 in-
troduces the related works on vessel segmentation. Section 3 describes 
the proposed methods in detail. The experimental results and discussion 
are presented in Section 4 and Section 5, respectively. Finally, conclu-
sions and future work are given in Section 6. 

2. Related work 

Deep learning architectures. Semantic segmentation is important 
in understanding the content of images and finding target objects [41]. 

Fig. 1. The structure of the proposed global channel attention neural network (GCA-Net). The GCA-Net consists of three modules, namely the part segmentation 
module (a), the fusion module (b), and the prediction module(c). The path module (d) and the atrous spatial pyramid pooling (ASPP) module (e) are part of the 
segmentation module. The red line represents the upsampling module (USM). The blue line indicates the path module (d). The black line indicates the feature connect 
operation. . (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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In different kinds of segmentation tasks, medical image segmentation is 
the most difficult task. Because medical images are richer in detail and 
smaller in purpose than natural images. It requires the network to have 
good robustness and detail reduction power. State-of-the-art s semantic 
segmentation CNNs use encoder and decoder architectures [21,32–37, 
42,43]. The encoder module is mainly used to extract the features of the 
image, and the decoder module is used to restore the resolution of the 
feature map. For example, Melin�scak et al. [44] introduced a new CNN 
model for the segmentation of blood vessels in fundus images. VesselNet 
[45] proposed a deep network for hepatic vessel segmentation based on 
extracted training patches on three planes (sagittal, coronal, and trans-
verse planes) centered on the focused voxels. Oliveira et al. [46] used 
fully convolutional neural networks to cope with the varying width and 
direction of the vessel structure in the retina. Furthermore, RefineNet 
[47] applied a generic multi-path refinement network for 
high-resolution semantic segmentation. BiSetNet [48] design a spatial 
path to preserve the spatial information and sizeable receptive field for 
high-resolution semantic segmentation. Xu et al. [49] presented a 
multi-scale and multi-level CNN to extract rich hierarchical represen-
tation and used CRFs to optimize the relationship between pixels. 

Attention mechanism: Inspired by the success of squeeze and 
excitation [50], the researcher began to introduce attention mechanisms 
into semantic segmentation. CBAM [51] and DANet [52] introduced two 
attention mechanisms (channel attention and spatial attention) to cap-
ture rich contextual for semantic segmentation. PARSENET [53] present 
a method for adding global context to fully convolutional networks for 
semantic segmentation. Zhao et al. [54] proposed a pyramid feature 
attention network focusing on high-level and low-level features. Wang 
et al. [55] proposed a Residual Attention Network to generate 
attention-aware features. 

3. Methods 

In the general U-Net [5] network and FCN [6] network, the previous 
coding network uses a large type of network (such as VGG16 [4]). Then 
the decoding process employs the bilinear interpolation or transposed 
convolution procedure. The process gradually restores the original 

image resolution for image segmentation. In the encoding process, many 
high-resolution but relatively low-level features are generated, and then 
U-Net-like networks directly combine these features for segmentation. 
The equations governing the whole process can be written as: 

FðxmÞ¼ σ
�

bmþ
X

wxm� 1

�
(1)  

yl¼ upsameðyl� 1Þ þ FðxmÞ (2)  

where yl represents the fusion feature of the l th layer, and FðxmÞ rep-
resents the shallow features at the same resolution. w is the weight 
associated with the node in the previous layer, and σ is the nonlinearity 
function. 

It is well known that in the feature extraction phase, multiple con-
volutions and pooling quickly lead to the loss of feature information, in 
which the high-level features contain more category information, and 
shallow features contain more location information. However, in the 
medical image segmentation, we need to know both the category in-
formation and the spatial information; therefore, the high-level features 
and shallow features are essential in semantic segmentation. As 
mentioned above, U-Net based and FCN based models use different 
features for shallow features. The FCNbased model only utilizes high- 
level features, and U-Net based simply adds shallow features to the 
high-level features. Our network framework focuses on multiple parallel 
feature aggregation, as shown in Fig. 1. The feature aggregation 
mentioned here not only uses the feature aggregation in the last layer 
but also uses it in the whole extraction feature phase. In particular, we 
form a semantic segmentation path for each layer of shallow features 
before convolution. This will save the spatial information of this layer as 
much as possible. Also, after the feature extraction phase, we use the 
ASPP module, as shown in Fig. 1(e) to recombine features. 

3.1. Network structure 

U-Net simply uses the features of shallow coarse particles to integrate 
into the high-level segmentation features for image segmentation. 
However, in this paper, we devise a four-channel parallel structure to 

Fig. 2. Our designed upsampling module (USM). The red line represents the bilinear interpolation. (For interpretation of the references to color in this figure legend, 
the reader is referred to the Web version of this article.) 
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ensure that the gradient of the network can be transmitted to the end 
along the grid route of the entire network. The purpose of our designed 
network is to make full use of the features extracted by each layer of 
convolution. Besides, to preserve detailed information as much as 
possible, we design a USM module, as shown in Fig. 2, to upsample and 
then fuse different stages of the feature. 

In Fig. 1, it can be observed that feature encoder module from bottom 
to top in part segmentation module, and performs the feature decoding 
on the left. In the feature encoder stage, the overall resolution of the 
image from bottom to the top becomes increasingly smaller, and four 
convolution downsampling operations have been performed, and the 
USM is performed in the decoding stage in the left. Each USM performs 
the 2� enlargement operation as represented by the red lines. The res-
olution of the feature map is larger toward the bottom, and the final 
image resolution is as large as the input resolution. After feature 
encoding, we used ASPP to increase the receptive field, and it also can 
resample features at different scales for accurately and efficiently clas-
sifying regions of an arbitrary scale. The ASPP consists of different scales 
of dilation convolutions, as shown in Fig. 1(e). Since a large receptive 
field is beneficial to acquire much contextual information, we present 
four dilated convolutions in the ASPP whose dilation scales are 1, 6, 12 
and 12 and global average pooling on the last feature map of the final 
feature encoder model as shown in the yellow module in Fig. 1(a). 

In the part fusion module, we devise a novel connection style named 
path module, which aggregates context feature information, as shown in 
Fig. 1(d). In the path module, the feature first performs 1 � 1 convo-
lution and bilinear interpolation to generate two new features, and then 
the new features using the USM to connect, and finally, the 1 � 1 
convolution operation is performed again for dimensionality reduction. 
At last, the resulting prediction map and the prediction maps obtained 
from the other three paths are merged to obtain a new feature. To 
explore the effect of feature maps of different paths and different paths 
on semantic segmentation results, we show the feature maps of different 
layers in Fig. 3. 

In the feature decoder module, it can be seen that the networks use 
USM instead of the original deconvolution and bilinear interpolation. 
This is equivalent to performing an attentional operation on two 
different features. We first perform a global average pooling operation 

on the high-level features and obtain a 1 � 1 � C feature. After L2-norm 
adjustment, the matrix product operation is performed with shallow 
features. Although the resolution of the high-level features and the 
shallow features are not the same, after such an operation, the two 
features are perfectly combined. Finally, in order to make better use of 
the high-level features, we also combine the high-level features with the 
bilinear interpolation operation and the fusion obtained above to obtain 
new features. 

4. Results 

4.1. Implementation details 

The proposed method was implemented in Python 3 using the public 
Keras [56] platform with the TensorFlow [57] backend. All experiments 
in this paper were carried out under Ubuntu 16.04 OS with CPU Intel 
Core i7-5960X, GPU NVIDIA GeForce Titan XP, and 24 GB of RAM. 

In the training stage, we used the “poly” learning rate policy where 

the learning rate is multiplied by  lr�
�

1 �
�

epoch� 1
totalepoch

�power 
whereby 

power is 0.9 and lr ¼ 1e-3, and adopted SGD with batch size 16 is used 
for training, and weight decay 0.0001. 

4.2. Evaluation metrics 

To evaluate the performance concerning the accuracy of semantic 
segmentation, the commonly used dice coefficient (Dic) and mean 
intersection over union (Mean IoU) are computed in this work. The Dic 
is a statistic used to gauge the similarity of two samples. Here, the 
representative is the similarity between the ground truth and the pre-
diction score maps; the higher the Dic, the better the segmentation. The 
Dic is defined as follows: 

Dic¼
2 jA \ Bj
jAj þ jBj

(3)  

where jAj and jBj represents the number of pixels in the predicted and 
label image. jA\Bj represents the number of pixels common to both 

Fig. 3. Feature maps with different paths. The images in (a)–(d) denote four shallow feature maps in the feature extraction stage, and the resolution sizes are 256 �
256,128 � 128,64 � 64,32 � 32, respectively. The images in (e)–(h) denote the feature maps generated by the four different paths, the resolution size is 512 � 512. 
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images. The Mean IoU first calculates the IoU for each class (sum of the 
real tags and the predicted results), and then averages the IoU for all 
categories: 

Mean IoU¼
1
k

Xk

i¼0

pii
Pk

j¼0pij þ
Pk

j¼0pji � pii
(4)  

where k represents a total number of categories. pij are pixels whose real 
pixel class is i are predicted as the total number of categories j.pii are 
pixels whose real pixel class is i are predicted as the total number of 
categories i. 

In this paper, we employed the Dice coefficient loss function [58] 
instead of the binary cross-entropy loss. The loss function is defined as: 

Lloss¼ 1 � Dic (5)  

4.3. Intracranial blood vessel dataset 

4.3.1. Data preprocessing 
The medical image dataset in our experiments is from a local hospital 

in Shenzhen. The imaging modality of the dataset is computed tomog-
raphy angiography (CTA), which is commonly used for the assessment of 
many types of vascular diseases in clinical scenarios. The dataset in-
cludes 20 subjects of 3D CT images, and the number of 2D slices (512 �
512 pixels) of each 3D CT image ranges from 242 to 320. As a conse-
quence, we obtained 11860 2D slices images after data augmentation. 
Among these pictures, there were 2372 pictures for validation, while 
9488 pictures were used for training. In addition, we used 480 images 
and CT pictures from two other new patients as test data to demonstrate 
the robustness of the network. 

Since the original image having a 3-channel looks like a grayscale 
image, we choose to use contrast enhancement to process the original 
image. The contrast here refers to the dark and bright drop difference of 
the image. Here, we treat the image as an RGB space image and apply a 
transformation equation directly in RGB space. 

gði; jÞ¼ a*f ði; jÞ þ b (6)  

where gði; jÞ and fði; jÞ  represent converted pixel grayscale and original 
pixel grayscale, respectively. The coefficient a affects the contrast of the 
image, while the coefficient  b has an effect on the brightness of the 
image. In our experiments, a is 2, and b is set to 0. 

Fig. 4 shows the histograms of the original image and contrast- 
enhanced image. We performed data augmentation in three ways, 
including affine transformation, rotation, and vertical flip operations. 
Each image was contrast enhanced before image enhancement. Hence, 
each image in the dataset was augmented to three images, as illustrated 

in Fig. 5. In the training procedure, 20% of pictures were used for 
validation, while the rest were for training. In addition, we used two new 
patients as test data to demonstrate the robustness of the network. 

4.3.2. Post-processing 
The network devised in this paper is based on 2D CT slice images. 

However, in clinical applications, 3D images are generally used for 
visualization. Therefore, the 3D reconstruction operation is performed. 
However, some noises often occur when the image is segmented on the 
network. When performing 3D reconstruction, these noises appear on 
the 3D reconstruction map as isolated points. Some examples of noise 
and misclassification are shown in Figs. 6 and 7. After the whole 3D 
blood vessel segmentation map is obtained, a post-processing operation 
is implemented in order to clear noises that are caused by misclassifi-
cation, resulting in the small volume regions being removed. 

It is known that the entire intracranial arteries are interconnected. 
However, the mis-segmented noise is not connected to the entire blood 
vessel. There are some unconnected noises near each blood vessel. 
Therefore, we removed some areas or noises, accounting for less than 
0.03% of the entire blood vessel. 

4.3.3. Comparison with state-of-the-art methods 
The relative 3D position about the intracranial vessel is vital in 

intracranial interventional surgery planning and guiding. Based on the 
GCA-Net intracranial vessel segmentation method, we accurately 
segmented the intracranial arteries and reconstructed the 3D structure 
of the intracranial vessel. Fig. 8 show examples of the 3D visualization of 
the intracranial artery. 

In Fig. 8, compared to other methods currently available, some small 
blood vessels of the intracranial artery are effectively and accurately 
extracted. It can be observed that the segmentation method using the 

Fig. 4. Histogram of the blood vessel dataset: original image and contrast-enhanced image.  

Fig. 5. Preprocessing of the (a) original CTA image slices, (b) rotation CTA 
image slices, (c) affine transformation CTA image slices, and (d) flip CTA 
image slices. 
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proposed GCA-Net algorithm preserves more details in each layer. Even 
in the 3D structure, there are some details that are not true for ground 
truths. As the regions shown in the circle in Fig. 6. After a discussion 
with an experienced radiologist and neurosurgeon, it was confirmed that 
these details were also intracranial vessels, but they were not marked 
when the blood vessel dataset was asked to be manually labeled to 
produce ground truths. The reason for this is that the vessels are tiny and 
are neglected to be marked under the requirements of label accuracy. 

However, this also demonstrates that our GCA-Net method is sensitive to 
detailed features and can accurately accomplish small vasculatures. 

We compared the proposed method with four state-of-the-art 
methods, namely, U-Net [21], BiSetNet [48], FCN-8s, FCN-16s, SegNet 
[35], DenseASPP [38], DeepLab v3þ [25] and RefineNet [47]. All 
baseline models adopted the same data format and preprocessing. 
Table 1 and Fig. 8 show the comparative performance of these methods 
concerning the metric of Dic and Mean IoU. It can be seen that the 

Fig. 6. The process of post-processing. (a) CT image, (b) result before post-processing, (c) removing some non-vessel areas, (d) (e) 3D results before and after post- 
processing, (f) (g) detail comparison. 

Fig. 7. Examples of performance of the proposed method. The top row is the original CTA image slices and the middle row is the ground truth. The bottom row is the 
result yielded by our method. 
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proposed GCA-Net outperforms the state-of-the-art methods in both 
measurements. In particular, our method achieves a Dic score of 96.51 
and a Mean IoU score of 92.73, implying that the average dice value is 
improved by 26.7%, and the Mean IoU score is improved by 39% when 
compared to the other methods. 

Intracranial vasculature is a very complex morphological structure 
with many small vessels. This inherent characteristic increases the dif-
ficulty of obtaining an accurate vessel extraction. Fortunately, the pro-
posed method can achieve desired segmentation, as shown in Fig. 8, 
with accurately extracting small vessels and correctly producing topo-
logical consistency. In contrast, all the state-of-the-art methods fail to 
reconstruct an accurate vasculature both geometrically and topologi-
cally, e.g., yielding disconnected vessels, as the regions indicated in the 
rectangle in Fig. 8. This may cause the radiologist to make a wrong 
interpretation of the images, e.g., considering the patient as having 
suffered from vascular stenosis. 

It can be seen in Table 1 and Fig. 8 that the proposed GCA-Net 
achieves the best performance compared against the state-of-the-art 
methods. The main reason lies in the fact that the GCA-Net network 
takes full advantage of the shallow features of the different layers. At the 
end of the decoding phase, we use the global feature fusion method to 
combine the segmentation score map generated by the shallow features 
of different stages to improve the performance of the entire segmenta-
tion network. Compared to the state-of-the-art network models, our 
GCA-Net enhances feature aggregation. To be specific, it aggregates 
different features of different layers and different resolutions, which can 

avoid the loss of spatial information in multiple convolutions and 
pooling processes. 

Due to the size of the trained picture being 512 � 512, when the 
picture is trained, the maximum reduction ratio will be 16 times. 
Consequently, FCN16s is equal to FCN32s in the original FCN. Com-
parisons between FCN8s and FCN16s also show the influence of shallow 
features on the accuracy of the vascular segmentation. The main reason 
is that shallow features have more spatial information than that of deep- 
level features, and this information plays a crucial role in image seg-
mentation. Take the SegNet as an example; its network structure lacks 
the involvement of shallow features, resulting in a loss of both topo-
logical and geometrical features, as shown in Fig. 9. 

5. Ablation study 

In this work, we propose an automated intracranial vessel segmen-
tation method based on multi-path feature aggregated convolutional 
neural networks. The goal of our work is to utilize the feature infor-
mation contained in each layer to improve the performance, robustness, 
and applicability of commonly used CNN-based systems. In particular, 
we propose a path module and a USM module. The path module extends 
the entire network in width, allowing each layer to capture more feature 
information. This operation ensures that multiple convolutions and 
pooling do not lose feature information. In addition, USM and ASPP are 
employed in the decoding phase. The USM utilizes attention mechanism 
to better capture feature context information, and the attention mech-
anism to better connect the shallow features and high-level features of 
the network. While the ASPP module not only increases the receptive 
field of the entire network but also makes the entire network more 
adaptable to different scale features. All of these operations are specially 
designed to improve the accuracy of blood vessel segmentation and to 
preserve detailed features as much as possible. 

5.1. Analysis of pre-trained weight 

In Ref. [59], it is pointed out that ImageNet pre-training is no better 
than the original feature encoder in terms of model training accuracy. 
We conduct ablation learning on the intracranial arterial blood vessel 

Fig. 8. Medical image segmentation results tested in the dataset of intracranial artery. From (a)–(h): (a) ground truth, and the segmentation results of (b) BiSetNet, 
(c) DeepASPP, (d) DeepLab V3þ, (e) FCN8s, (f) RefineNet, (g) U-Net, and (h) ours, respectively. Our GCA-Net can perform the segmentation of intracranial arteries 
effectively while preserving multi-scale structures of vessels, especially the tinny-scale structures. 

Table 1 
Performance comparison on 2D CTA training dataset.  

Method Dic (%) Mean IoU (%) 

U-Net 88.81 74.91 
SegNet 88.40 81.63 
FCN8s 84.23 67.72 
FCN16s 76.14 66.56 
DenseASPP 84.38 81.80 
DeepLab V3þ 90.70 87.83 
RefineNet 91.68 76.72 
BiSeNet 92.92 89.33 
GCA-Net 96.51 92.73  
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dataset. Compared with the network with pre-training weights, the 
GCA-Net has increased from 92.76% to 96.51% in Dic, and Mean IoU 
increased from 91.6% to 92.73%. This implies that the performance of 
the network without pre-training weights is not worse than that using 
weights. 

5.2. Analysis of USM and ASPP 

The Baseline network is basically a U-Net-like network. We designed 
two experiments. One is the use of pre-training weights, and the other is 
without the pre-training weights. The results are shown in Fig. 9 and 
Table 2. It can be seen that the performance of the network structure 
using the USM module has improved in terms of both the Dic and Mean 
IoU metric compared to the network without the USM module. This lies 
in the fact that intracranial vascular images contain much delicate in-
formation compared to natural images, and it is easy to cause the in-
formation lost when using a large number of convolution and pooling 
operations. 

We further evaluate the role of ASPP played in the proposed network 
and conduct similar experiments. It can be seen in Table 2 and Fig. 9 that 
the performance of using the ASPP structure in a network without using 
pre-trained weights is better than that without using it. However, the 
performance of adding ASPP in a network structure using pre-training 
weights is worse than that without using ASPP. 

Although the proposed approach shows excellent performance, there 
are still some limitations in the current implementation. First, due to the 

multi-path connection, it takes more time to train our network. Second, 
there is no publicly available dataset regarding intracranial vessels, and 
the proposed network is only trained and tested on a limited sample of 
data. Moreover, the dataset in this paper comes from a single hospital, 
thus not investigating the performance of our model applied to the 
dataset from other hospitals, with different scanners and imaging 
protocols. 

6. Conclusions 

In this paper, we propose a novel type of neural network structure for 
intracranial blood vessel segmentation. Our network is characterized by 
channel attention networks and multi-path structure. The multi-path 
structure can effectively connect the segmentation prediction graphs 
of different layers, which improves the performance of the network 
structure. The USM structure takes advantage of the features between 
high features and shallow features. Furthermore, we adopt multiple 
USM modules in a multi-layer convolutional neural network to restore 
feature size on different scales. The proposed network is applied to 
intracranial blood vessel segmentation, achieving both geometrical ac-
curacy and topological consistency. Experimental results demonstrate 
that our method is superior to the state-of-the-art methods in terms of 
several commonly used performance evaluation metrics. 

We aim to establish an automated and accurate medical diagnostic 
system eventually. Such a framework can help to reduce the workload of 
radiologists. At present, we only adopt traditional features for segmen-
tation. It can be summarized as a feature extracted directly using a multi- 
layer CNN network as a segmentation feature. Intuitively, the attention 
mechanism applied to the extraction of features could be a promising 
solution for further performance improvement. To this end, our future 
works include: (1) establishing a large database of intracranial blood 
vessel from different hospitals with different scanners and imaging 
protocols, which can provide massive training data and prior knowl-
edge; (2) exploring more in-depth and more powerful deep learning 
networks, as attention mechanism has shown strong self-learning ability 
in many fields. 

Fig. 9. Medical image segmentation results tested in the dataset of intracranial artery. From (a)–(f): (a) ground truth, and the segmentation results of (b) 
ResNet50þUSM, (c) ResNet50þUSM þ ASPP, (d) Baseline, (e) Baseline þ USM, and (f) ours, respectively. 

Table 2 
Performance comparisons of context aggregation approach on intracranial 
arterial blood.  

Method Dic (%) Mean_IoU 

Resnet50þUSM 95.12 91.06 
Resnet50þUSM þ ASPP 92.76 89.98 
Baseline 93.72 90.29 
Baseline þ ASPP 94.17 91.97 
Baseline þ USM 96.10 92.05 
GCA-Net 96.51 92.73  
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