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Abstract

Computed tomography angiography (CTA) is used in the diagnosis and treatment of coronary ar-
tery disease due to its high resolution and non-invasive nature. Accurate coronary artery segmen-
tation plays an important role in the diagnosis and treatment of coronary artery lesions. In this
study, a two-stage fully convolutional neural network-based coronary artery segmentation model
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is proposed to effectively use coarse segmentation to guide fine segmentation, thereby improving
accuracy. Experiments show that the method in this paper has a large performance improvement
compared to other single-stage segmentation methods.
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O [ 597 (Cardiovascular disease, CVD) & CHIEAI M BRI GLRR, 244 AR Il —.
MR O A i R S il i 20200 [1], BEEIRESHFARE, ERAET KSR, JTHEAD
LA S 2 PR ERE (R IR DA B A R A8 7 s H 28 S M, o0 I 1 86 DRI 2 0 F R Ak 114 5 i)
RO 2, IR AR AR . RO ML B AR TR I S R RAE SRR TR TR
HAL, AT 46.66%, WA 43.81%. FEARBNNKIECOMNER, FEIRRGE o0, 8T O ML A R d i 1)
KM —o REEW O BRI Dy RBD K eA [ 1, i T8 IR 1 sl 520G U L40 B
AR, TS B U SE  AE IR R b, THEHLMET 2 474 14 18 52 (Computed tomography angiography, CTA)
BT UG B A 1 4 R 2 DL R o QI T B FH T AR B Ik i 12 Wi Fa o7 o, RS HE B e IR BNk 43 Bt et ik
KR Rz AET RAEEEH .. AMELRT, mARSIIKE 5 # F 2L E L X FhrE, &
e HRCR AR

2. XTI 1E

BEETHRNALGE R, SA SRR T2T CTA B MRSk #1320 PLoy g
GG oy BN 75 DL SR S 2 SV Ay B v TEAR GG AR B 7 T, — ek T 1 S oF0 [X Sk 1 S v e FH T
CTA BGHmRE k. xRN [2]38H T 6 TR /51 CTA BUEHFI A 2 /K& 5145 B bR 30 ik 7
X3, A XS A K VAT XA 9, B e RBN K =47 5. 381058 A [3]FI KP4
ks CT BUGHEAT e Ak AR 5 5 43 SR BRI A e = 4R R, A0 U T3 725010 & B A0 535 37t
ZARSE N [41 56 BT BE 1) XI3AE KB BRIy T X3, IF et MR EAT To R IX Sk ) ab 34,
I Ja A R BB S 25 B o381, 49 BRARB K 7 BB . BRIH AR5 N [5] 56K H RME 77 V2% = 4E XU
CT BURFAT I %, R BRI B S E AR /e . ARk ihsm, 5 IR e R 2 ik
Bui AL E, FI LA 220715 = 4EWT 2 EGAR AR 2 8] 1) 56 R0 E H = 4E =R B ik o

AR, IR 7 Wi R R, Hrp R £ 44 [6] (Convolution Neural Network, CNN)7E {5 4b
)T BRI T AN RIROR . FEEE R, B FMA M4 [7] (Fully Convolution Networks,
FCN) BH T wify of sty (147 % N A HE 285 W40 250D B B B B3R BB R0 4 BRI T it /N — B o #11A
TE 53 B ATIRE B RSk BT 5. SR T 3D CTA B Jym 2 H i &M%, 1 H. 3D CNN 4544
DA G 7 A g v (R R 0K 75 B R v BRI, T AR TR B 25 = el R BN ik oy #1772 R # R T A o
e F o B RS AR, B0 e S BN = 4E DI (Patch) B35 —4E (1Y) Jr (Slice) 72 )5 & &
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Figure 1. The framework of two-stage fully convolutional neural networks
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KIERARE L NPy, MBI B A& I B B 1) Mr#]: g7 8ok G T B 4k
ERIE, BHTEX I BAARINSR R T BG PR, SRR STIRIR S, 1520 RE A0 5 B
BIAE; 2) VIPrE: G- EBrESE], RIS RIER, RATEESF AT 25 5 R 25
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3.1. fH5E
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Figure 2. Network architecture of U-Net
[ 2. U-Net P& £EH
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R/NTIT SN TE R 5 i R BB DR IO 2 0 70, L ERAERAE RS KR 10 2 Ry
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Figure 3. Flow chart for making patches
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Figure 4. Attention gate
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ORI HL, *WBRUGH, FIER s R AR,

3.2.3. STEIMLE

EYIP IR, ASCER TN TR T 1B (Attention Gate)[t) 3D U-Net #5181, sit-F U872
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KA SR B EERE , TR ERFE L ER AR AT 1 R R N B R 1T rp o SR BRI B 58 i a2 BT
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Figure 5. Network architecture of attention gate U-Net
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epoch W E A 50, Ab#F A Adam, ]34 E N 0.002. (X HIMT B, MZEYIZRIH R R ECRA A X
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2) HEEl: 5B, ¥ 3DCTA BUG 4R 2 8K M /3 #2510, f#H 3D U-Net #1773 %,

3) V&l K 3D CTA BUREESFHIVIEINA T4 32 x 32 x 32 /NIH, Hi N 4381 W 2% h 45 2 Y B
SEIGERERATEM, HERRENEISER,

FITAE XoF EL S A4 I 2845 P ) — RIS U-Net, 45325 BR800 ) Diice 45325 B2

i Dice (%)
HiEa% 75.33
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