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Design of a high-resolution segmentation network for digital
subtraction angiography of cerebral vessels

CUI Ying', FU Rui', ZHU Jia', GAO Shan', CHEN Liwei', ZHANG Guang’

(1. School of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China; 2. Department of
Neurosurgery, The First Affiliated Hospital of Harbin Medical University, Harbin 150001, China)

Abstract : To solve the problem of low accuracy of existing convolutional neural networks for cerebral vascular DSA
image segmentation, an improved network based on U-Net (IC-Net) is proposed. By fusing the use of inception
and channel attention modules, rich vascular feature information is extracted using multiple sensory domains and
feature information is filtered. A new 7X7 convolutional layer is added to reduce the amount of data generated dur-
ing training by compressing the feature layer resolution. Compared with the U-Net and common U-Net improved
models, the improved model’s intersection over union, accuracy, Fl-score, and area under the curve increase by
1.82%, 0.014%,

ably improves the model’s capabilities to detect weak vessels and vessel ends in cerebrovascular digital subtraction

1.19%, and 0. 73% on average, respectively. The results verify that the IC-Net model remark-

angiography images and distinguish artifactual noise. The model provides a strong reference for physicians to identi-
fy lesions within cerebrovascular vessels.
Keywords :image segmentation; feature extraction; cerebrovascular; digital subtraction angiography; U-Net; in-

ception module; channel attention; dimension reduction treatment
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Table 2 Improvement of segmentation performance by
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Table 5 Optimum reduction ratio
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16 0.723 3 0.9815 0.8397 0.968 9
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Table 6 The best way to deepen the network
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Table 8 Comparison of segmentation performance of com-

mon models

i 1ou Accuracy Fl1-Score  AUC
IC-Net 0.7339 0.9822 0.8468 0.9715
U-Net 0.7138 0.9804 0.8321 0.9673
R2U-Net 0.7212 0.9810 0.8372 0.9547
Attention U-Net 0.7274 0.9811 0.8412 0.9713
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Fig.8 Segmentation results of common models

—o— Attetion U-Net
o— U-Net
E 3 e R2U-Net
ol ¥ o+ 1C-Net
% s Y
§ 0.6
= 05
041
03}
021
01, 40 80 120 160

SN/
7 EREBGR BTN &

Fig.7 Loss function of common models

- 3 ok Kk k =

(e) R2U-Net  (f) Attention U-Net

(d) U-Net

b AR A AR

2)IZMEEHETE T % DSA $2 4% P 308 1M 4 il
BRI RINGE 1, BENE A 25 HE DSA 14 iy Ak
MR, M EAFNR A RS T 5%, St
%) U-Net £ 75 15 A9 U-Net BrgE i BUA HE, 43
E R IA AL T AR

H i, IC-Net W EAAFAEA L . i 40 7E 1 8 A
ity K% 559 IG5 ARG 8 T 75 A R 4 T 5 X ELAR AR 40 1Y
A5 ke 182, FrA, T — 075 24k 2 i
T R 28 %o} i 553 1148 A LA AR 40 145 R ERE 1, [
), DSA SEARFEFE A & W 19 43 B 2%, 31X 6 Ak B i
P AT 15 28 A o W v R, T DA 4
B — il



544 BRI, A I R IR I

IR R IR RN B - 793 -

SE

(1] Tt o eSO o i A8 s (iR T e [0]. R R
YRS, 2022, 28(2) : 29-31.

DING Yueyan. Progress of hyperbaric oxygen in the treat-
ment of cerebrovascular diseases[ J]. China medical device
information, 2022, 28(2) . 29-31.

[2] CUI Wenchao, WANG Yi, FAN Yangyu, et al. Localized
FCM clustering with spatial information for medical image
segmentation and bias field estimation [ J]. International
journal of biomedical imaging, 2013, 2013 930301.

(3] VLEZUE. T2 J8E 2 ) Ak A5 A A i oL A 70 361 R 46

[D]. K. RIEMTRY, 2016.
JIANG Qianfeng. The vessel segmentation system for cere-
bralvascular images based on spatial feature point set of
multi-angle[ D]. Dalian: Dalian University of Technology,
2016.

[4] 6, EMT, EPM, 5. 5T AShREYLIER DSA
B EIRE 1], WOLAE, 2018, 39(4) : 81-85.
WANG Guanglei, WANG Pengyu, WANG Zhongyang, et
al. DSA image segmentation algorithm based on automatic
random walk[ J]. Laser journal, 2018, 39(4) . 81-85.

[5] NASR-ESFAHANI E, SAMAVI S, KARIMI N, et al. Ves-
sel extraction in X-ray angiograms using deep learning
[ C]//Annual International Conference of the IEEE Engi-
neering in Medicine and Biology Society IEEE Engineering
in Medicine and Biology Society Annual International Con-
ference, 2016. 643-646.

[6] YANG Siyuan, YANG Jian, WANG Yachen, et al. Auto-
matic coronary artery segmentation in X-ray angiograms by
multiple convolutional neural networks; China[ P]. 2018.

[7] FAN Jingfan, YANG Jian, WANG Yachen, et al. Multi-
channel fully convolutional network for coronary artery seg-
mentation in X-ray angiograms[J]. IEEE access, 2018,
6: 44635-44643.

[8] JUNTJ, KWEON J, KIM Y H, et al. T-Net: nested en-
coder-decoder architecture for the main vessel segmentation
in coronary angiography[ J]. Neural networks, 2020, 128
216-233.

[9] RONNEBERGER O, FISCHER P, BROX T. U-net; conv-
olutional networks for biomedical image segmentation

[ M]//Lecture Notes in Computer Science. Cham: Spring-

AR5 A,

[10]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

er International Publishing, 2015, 234-241.
EEs, BALYY $ERE, S BET U-Dense-net % %%
(9 DSA GRSk A 73 #I [ ] i TLB TR A2
e FARBFERR) , 2021, 45(3) : 390-399.
WANG Zhuoying, TONG Jijun, JIANG Lurong, et al.
Coronary artery segmentation of DSA images based on
U-Dense-net network [ J ]. Journal of Zhejiang Sci-Tech
University ( natural sciences) , 2021, 45(3) : 390-399.
OKTAY O, SCHLEMPER J, LE FOLGOC L, et al. At-
tention U-net: learning where to look for the pancreas
[EB/OL]. 2018. arXiv: 1804.03999. http://arxiv.
org/abs/1804. 03999. pdf.
ALOM M Z, HASAN M, YAKOPCIC C, et al. Recurrent
residual convolutional neural network based on U-Net
(R2U-Net) for medical image segmentation [ EB/OL].
2018: arXiv: 1802.06955. http://arxiv. org/abs/
1802. 06955. pdf.
SZEGEDY C, LIU Wei, JIA Yangqing, et al. Going dee-
per with convolutions [ C ]//2015 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Pis-
cataway, 2015 1-9.
WOO S, PARK J, LEEJ Y, et al. CBAM: convolutional
block attention module [ EB/OL ]. 2018: arXiv:
1807. 06521. http://arxiv. org/abs/1807. 06521. pdf.
SZEGEDY Christian, VANHOUCKE Vincent, IOFFE
Sergey, et al. Rethinking the inception architecture for
computer vision[ EB/OL]. TEICE Transactions on Funda-
mentals of Electronics, Communications and Computer
Sciences. 2015. [ 2022-05-28]. https://arxiv. org/pdf/
1804. 03999. pdf.
HU Jie, SHEN Li, ALBANIE S, et al. Squeeze-and-exci-
tation networks[ J]. TEEE transactions on pattern analysis
and machine intelligence, 2020, 42(8) ; 2011-2023.
ZHOU Zongwei, SIDDIQUEE M M R, TAJBAKHSH N,
et al. UNet++: a nested U-net architecture for medical
image segmentation [ EB/OL ]. 2018; arXiv: 1807.
10165. http://arxiv. org/abs/1807. 10165. pdf.
HUANG Huimin, LIN Lanfen, TONG Ruofeng, et al.
UNet 3+ a full-scale connected UNet for medical image
segmentation[ EB/OL]. 2020: arXiv: 2004. 08790. ht-
tp://arxiv. org/abs/2004. 08790. pdf.

BB A i AR, AF. L RO R B 5 55 1 B BR80T (1] /R AR 22440, 2024 ,45(4) :786-793.
CUI Ying, FU Rui, ZHU Jia,et al. Design of a high-resolution segmentation network for digital subtraction angiography of cerebral vessels[ J]. Journal of

Harbin Engineering University,2024,45(4) . 786-793.



