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Precise coronary artery segmentation based on an adaptive multi-scale

attention fusion—network
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[ Abstract]Objective : To construct an adaptive multi-scale attention fusion—network (AMAF-Net) based on 3D-UNet, and to improve
the precision of the segmentation of coronary computed tomography angiography (CTA) images using 3D—UNet network. Methods : The
multi-scale expanded convolution module (MSDC) and the Squeeze—and—Excitation (SE) attention mechanism were introduced into
the 3D-UNet encoder. Standard 3D convolutional modules are adopted in the bottleneck layer of the model architecture. The additive
attention mechanism(AAM) is added to the decoder, and finally the AMAF—Net is constructed. The coronary CTA images in the public
dataset automated segmentation of coronary artery (ASOCA ) and/or the self-made dataset CTA40 were used as the training, validation,
and test data for coronary artery segmentation using AMAF-Net and eight classical U-Net network models. The performance of the

above network models in coronary artery segmentation was assessed
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Results : In the ASOCA and CTA40 datasets, there were significant

based on Dice similarity coefficient, recall, precision, average sur-
face symmetry distance, visual evaluation, and ablation experiment.

A one-way analysis of variance and the Turkey test were used to

differences in Dice similarity coefficient, recall, precision, and aver-
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age surface symmetry distance between the nine models (all P<0.001). AMAF—Net had the highest Dice similarity coefficient, preci-

sion, and average surface symmetry distance and a relatively high recall, and there were significant differences in each indicator be-

tween AMAF-Net and various other models (all P<0.05). AMAF-Net had the best segmentation performance in the negative complex

structure region of the coronary artery, and all segmentation results were the closest to the gold standard of manual segmentation true la-

bel. In the ablation experiment, with the increase in the number of modules, the network model showed gradual increases in Dice simi-

larity coefficient, recall, and precision and a gradual reduction in average surface symmetry distance, and there were significant differ-

ences in all indicators among the models (all P<0.001). Conclusion : There is a significant improvement in the accuracy of coronary ar-

tery segmentation based on AMAF-Net, with good generalization and a potential clinical application value.

[ Key words ]coronary artery segmentation ; dilated convolution ; attention mechanism ; computed tomography angiography
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K%, HE2 55 2 10 B 156, LK o I A T 2 2 T 0 RIS
AMAF-Net [ Dice Ll F BUAVRE B R 5 H e 4 A AL 1] 22
S B G 8 (3 P<0.05) . AMAF-Net i 73 [1] 2 5
FEL IR 3D-UNet Al Model 1255 % BA G228 L (3 P<
0.05) , 1M 5 Model 2 Fil Model 3 22 5 45 2% 7% X (¥ P>
0.05) . AMAF-Net [y~ 44 3% T % B FE 25 15 Bk e 455 1 3D
UNet. Model 1 Fl Model 2 22 5 & B G5 1] 2 & L (3 P<
0.05) , 1Ml 5 Model 3 22 5 T4t 15 L (P>0.05)

®2 ARERBIFE ASOCA HIEE LB R BNk Bl RELL B

Bl i Dice HIfEl %X (%) A (%) K% (%) S BT BRI S (mm)
Segnet 80.21 % 0.16° 83.46 + 0.14° 70.16 + 0.19° 1.63 £ 0.01°
3D-UNet 82.54 +0.05° 86.37 £0.10° 72.52 +0.33" 137 = 0.01°
VNet 83.44 £0.08" 87.39 £ 0.16" 73.610.14° 1.3220.01°
TransBTS 84.57 +0.11° 88.39 + 0.31° 78.63 + 0.39° 1.22+0.01°
CA-Net 85.92+0.12° 89.13 £ 0.14° 79.87 +0.14° 1.19 £ 0.01°
ASOCA DenseVoxNet 8597 +£0.11° 89.33 £ 0.14" 78.57 + 0.27" 1.12£0.01°
CS?Net 86.66 +0.15 89.42+0.15 80.06 + 0.24° 0.97 + 0.01°
3D-FFR-UNet 86.24 +0.13 91.23+0.20 80.75 +0.20 0.81 +0.01
AMAF-Net 87.16 £ 0.10 90.17 + 0.21 81.54+0.13 0.76 + 0.01
F 404.948 164.115 290.500 521.766
P <0.001 <0.001 <0.001 <0.001
T MRS /R X A bR d R A s a, 5 AMAF-Net HLEE, P< 0.05
%3 TREMEETE CTAL0HIRE FRRERNAL S S 6E L3
Bk TBE7Y Dice FH{L R EL(%) 2R (%) FETE(%) PR D AR EE 2 (mm)
Segnet 76.34 +0.08° 82.93 1 0.18" 71.41 £0.23° 1.81+0.02"
3D-UNet 79.91+0.11° 84.64 + 0.20° 74.62 +£0.12° 152 £0.02"
VNet 81.69 £ 0.15° 86.47 + 0.32° 77.12 £ 0.20° 149 +£0.17"
TransBTS 83.13 £ 0.08" 87.91+0.11 79.82+0.17° 135+0.01°
CA-Net 84.22 + 0.24° 88.78 + 0.15 79.69 +0.18" 121 +001°
CTA40 DenseVoxNet 84.76 + 0.09° 89.16+0.19 79.53 £ 0.31° 1.12 £ 0.02
CS*Net 8532+ 0.07° 89.98 + 0.11 79.15 £0.19" 1.11£0.01°
3D-FFR-UNet 85.4 £ 0.08° 89.37 £0.32 82.19 £ 0.27° 0.96 +0.01"
AMAF-Net 86.44 = 0.11 88.83 +0.23 83.27 +0.16 0.88 + 0.01
F 666.235 126.368 305.243 447314
P <0.001 <0.001 <0.001 <0.001

T IHAE R R X LR bR e KAH 52, 5 AMAF-Net tL#2, P< 0.05
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Case 1

Case 2

Case 3
Ground Truth AMAF-Net CS?>-Net 3D-UNet
5 THAHBER
*4 EFASOCAHBENSEIIEBIWER
o R . ;
R Dice AU F (%) AW (%) K% (%) A F A PRI ES (mm)
MSDC SE AAM

HELL - - - 82.54 + 0.05" 86.37 = 0.10" 72.52 +0.33" 1.37 £0.01"
Model 1 v - - 84.71 £ 0.11" 87.66 + 0.23" 77.25 +0.39" 1.19 £ 0.04*
Model 2 v v - 85.29 £ 0.14" 88.19+0.14 79.33 +£0.18" 1.04 £ 0.02*
Model 3 v - v 85.92 +0.11" 89.22 +0.39 80.38 £ 0.16" 0.96 + 0.04
Model 4 v v v 86.44 +0.13 88.83 £0.28 83.27 + 0.25 0.88 + 0.04
F 171.797 19.762 211.573 37.143
P <0.001 <0.001 <0.001 <0.001

TE s v FOR ARSI, - B A HTZAR , AL 2R X AR PR B KA, 50 IRAL AMAF-Net LA, P<0.05

303 i’

TETER B Ik o3 BT 55 b, S RE A0 4 - DG B
FEF QT A R R A b 25 A 25 A RR 1, LAV
TR TR B B2 A 254 . AR FEER 1 1) AMAF-
Net, i 15 G135 P4 1 7E 3D-UNet FP 5| A A i W £ 5
TR RA R, B B A TR IR il & o R JT R
157 R TR BRI FIROCR . X— LK S5HA
U-Net 2 R [ 2% 155 784 iy A5 9 43 0200 — 0,
(A5 R & , AMAF-Net BEAUE i i 25 P A T
SE AL, DA 55 Ak 435 A1 38 T8 A4 AN FE 43 B , 34 i 5 7R X
BT B BB o [RIIRE, H T S bR 30 ok ot 5 4 /)
HEZ5M 8 5, BRI S PR B R AE [ rh
25 B 7 5 ] 1) 4 SR S O &R L 53K B A DX R 4
AINMAE R E AN TR . PR, AR ER A2 7F AMAF-Net
PR i 25 P T T AAM 3835 T AR () 4 SR 4% ]
R I T 4 (R B RS . DA T
T E A kR ] e S B R R rh R B B

TUATIRIAE , T H2TF T 3D-UNet W 25 46 1 ft S 4R 56
Jhk 53 FIVERE o

AT — RIS H 45 R K W], AMAF-Net B i}
$ET T U-Net & e R Bk o FIROCR . TEFE 50T
W71 , AMAF-Net 75 2 A [] 1) %5405 42 (ASOCA Fil
CTA40) FX B TS 0 o BIROR  RB TH
S ARORG T Rz A . ARA T I E 8 Al AR Bh
Jik 3 ] R 2% B 750 AMAF—Net 7E Dice FH{M 250 554
FRHF 18 3% T R BE 25 S A% O R A A W B 4R
T+ HHE B RS A R AR T HE 2 e B
[ASOCA: AMAF-Net vs. 3D-FFR-UNet: (90.17 +
0.21)% vs. (91.23 £0.20)% ; CTA40: AMAF-Net vs.
CS?Net: (88.83 +0.23)% vs. (89.98+0.11)%], {H 2
HHERIGIFE L U ESRER, HiEN 2
VR IRl BT LIRS HE 25 6 etk 3h ik 43 B i
R4 JRrih U5 B 5 R A, NI B =5 AMAF-
Net [ 5680k 20 ik o HI EfE o 22 LS AN J7 IfT, AR A
T 4 Fp 22 #A% R (CS*Net . 3D-UNet , VNet , SegNet) ,
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AHFFE 4R H B9 AMAF—Net A58 A 205 S e B0 50 1
R A A PR Bl ik 1 2 2408 25 N A 4 R e
ELARBLE A : AMAF-Net H1 MSDC A5 b 38 5 7 455 750
XA T A B BT RE ), T B AL A R
PET T T A DX IR Y DG, Rl AT ER LR A0 e A
S Jy 1R SCfE B S RASE] T I AR T,
T ARG TE 2SI 24 1 DX 3 AR ks 40 A 15 O
SEELT RS sEEAR Bl K A3 ST s B SR M S Sk
FE T LS T, SRR 4 Rt — L AR T [ S £
VRGN R . B EEECE Y
i, AMAF—Net [0 £ #5080 (14 45 350 P BE 45 b 45 % A 4
T+, R 2 Rl G SRE 5 2 R A PR %
seb R Bl Kk A2 2% T8 2 B 5 AT B Sk 1 I D 3 2 2500
X2 AL H T AMAF-Net %3194 BPE ,
Sy HAE SR Bl K A T 55 R AR S R BRI T
pARTIE/

AR FEAFAE A T R BRI s OB k5 56 0F 3=
FLILT ASOCA FCTA40 2 Ela 48, RE B HA
5 [ @2 P g, (AR RS YL
FRRE NGz 50 N Mz Ak Be I 5 i —
HIE . QA FE Y 2 5 A2 R L) CCTA
G5 36 0E 03 B0 H0 A SR 6 2 R 2 T )
28I 25 1 S AR BI0HRE 25K (R0 9 BT A X 2
R ok 5 BE N RE AR £ DL E— 25 56 GIE A AR ) R M
QREGIAT 2 REIKE B Z 32 I HLH L
PETHASERY )RR AE Fe TR RE T, (8 A M e i SR 2 (n
AL A T G i B A AR ), BERLAT T g
FETERT B /IN kB T R XU | 3 8 /) Xk
HAERARFRAE T AR 0, H = S50 S5
SRE . ARRBEIE O] RS A LR R
TR 25 ) 45 1) 25 0 S O A Sk M Y R A Ty
3, 2 PR TR 55 el KO 2 ) Uk 5
Bk, @E SR AMAF-Net 7645 B 05 T 5280 T MEfE IR
T, (B AR %5 5 it 0 £ 4558 3D-UNet, HoA%E 0 235 g
J 2% BT S R, A R N A
2 . AR AT L% e i AR B A% | A ol 2% 0
FEARLE I ok it — A AR B R R s /D
TR TH AL, ST R B R AR R A
BB LA, DAL SR 1) 5L S2 I K3 5t () i
BE5RH.

25 LTk , AMAF-Net 7€ 56 1R 3h ik 4 E4T 45
T T R AORE e Az Ae bt 3T U-Net W
25 AR Bh K CT I 4 B AG BEAR RS o3 B A1 T

— I 190 28 A58 2R A R M Rl R L
P 7 IR T DA I PR R Ak BT
AT TSR AL 7T A S BR FI DT v o Bl E— 2D RO
LN AE , AMAF-Net 47 B 7E llfs PR I v S2 B EE ™
), o R SR EEORS B (99207 S FF o

Z % X #
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