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Integration of CNN and Transformer for 3D coronary artery
CT image segmentation
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Information, Guangdong Polytechnic Normal University , Guangzhou 510665, China)

Abstract: Segmentation of coronary arteries is crucial for the rapid diagnosis of cardiovascular diseases. Given the
challenges posed by the complex structure of coronary arteries and the interference from other vascular tissues, which
often result in fragmented segmentation, ensuring the model’s ability to adapt to segmenting different morphological
structures of the coronary artery, a novel 3D coronary artery segmentation network (CA-SegNet) is proposed. This
model incorporates a combination of CNN and Transformer as the encoder and decoder, leveraging their advantages and
complementarity to fully extract both global and local features of coronary arteries. By proposing a multi-scale feature
interaction module, the model simultaneously extracts multi-scale features of coronary arteries while facilitating feature
channel interaction. In the decoding stage, an attention weighted feature fusion module is proposed to weight and fuse
features from both spatial and channel perspectives, enabling the model to focus more on the coronary artery regions.
Experimental results demonstrate that the proposed model achieves DSC, Recall, Precision, and HD95 values of
81.96%, 84.24%, 80.11% and 14. 94 respectively, surpassing current popular segmentation models and validating
the effectiveness of CA-SegNet.
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Fig.1 Flowchart of coronary artery segmentation
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Fig. 2 The overall framework of the model proposed in this paper
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Table 1 Hyper-parameter of 3D Swin-T block

Head 32
Num heads (3,6,12,24)
7 RN 4
MLP ratio 4
Num layers (2,2.6,2)
PR T (2,2,2,2)

., WE 4 PR FRBEEWN L+1 2, BJr 2X2X4 K
INETT R RASE L R L FWAE O ZEMER,. T
T 2X2X4 KK FHRBATUMES L 2T HFHAE D
ZEIAE B W F AR MA D R, HrE 4 X4 X4 KA
WO E SR AD AT LIRS L ETE s M D Z A EE .
AL 3 0 AT LU e B O 5 0 ) G 1 B AR i R )
R D 245 5 A RE A 2% ) B & R ARAE . AR H R
token Z 0] (19 7F 2 1 3 F2 0T DL DA 2 200k ik

Q0 =X XWy,,K=XXW,,V=XXW, D

Sof ( ><KT)><V (2)
attn = Soitmax|— —
Vd,

;H\:'T',X ﬁﬁ’ﬁ/l\ﬁljlj‘]ﬁ@ token %Elﬁy/l\ WQ\WK\

o 145 -



948 & 2 F o

T # K

Wy BB T2 H . de N K A aun
AT EN Y coken 22 [H] Y AH BLEE .

(a) 3D token

(b) FLE
(b) Layer L

I RR B By

Fig. 4 Window partitioning method

() BL+1E
(c) Layer L+1

HE 3DSwin-T W4 L35 MLP, )2 13— 1k (LN) #il
WEERE., 20 THAN BN 3DSwin-T B, 24

y' = 3DW — MSA(LN(y" ")) +y"! (3
y' = MLP(LN(y")) +3l €))
3l += 3DSW — MSA(LN(y")) + y* (5)
v = MLP(LN(3/ + 1)) +3. +1 6)

Hoh, SDW-MSA il 3DSW-MSA 43 54t % W& O
A g O HLE . vyl A1 y' 4350128 3D(S) W-MSA Hil MLP
L .

1.4 3D &Mk

WE 2Cb) i, 3D Conv H il 3X3X3 HBMZ.
LayerNorm JZ . Relu JZ B P & NP K , £ 25 5724 S B
8B Ry T AR A1 ¢ R L PR WUR BB AR AR, A P I B

(=W
Y, = Relu(LN(3DConv(X))) 7
Y, = Relu(LN(3DConv(Y,))) (8)
Y=Y,+X 9

Hr, X FExR 3D Conv HWHI ALY £/~ 3D Conv
B . TR SR P O B A AP B (8 IR BE T
BB T A B IR Y B Tl A TR B A T Ay
8L A S P Y SR S A L R BUR S A .

1.5 ZREHSESTEESR(MFC)

bR Bk B ROBEAS B A 20, IR 22 RUBE 1R S0fR
BB MER G ECEE, i T U-Net K H AR
ZUE R, SR 2 RE R EAEAR R, Hxix
M)A, Wang %742 I T —Fh g A bn i B TR 2 R Y ik s
TR U-Net 0k, H FEEEMG 4E . AW ZTILES
FOBEERRAE 22 ) i/ {5 B 38 T, HL S AS [) 9 285 R K /0N 114 431
HErEZ B IS N . ARSCEF IR T 2 RERHE R 5
B, RS R 58 2 00 45 BRI 2 ROBEREAE . 93 2o 3
TH 43 I R 2 3 R R BT AR

MFC # e ® 5 s, MFC %5 AFiE X €
ROM™ U v BB B4 E R /0 4 ARk, £

+ 146 -

LXH/WXD

(X)) ER' o SRIA B BIIE A BA A

PR B R EE (X ), € RO L AU
MRS RIS 8. BRI KRNI Y d,dsd,
fd..

X', = DConv(X,) (10

L]
(7

(e B
L ES5 Z R TR
Fig. 5 Multi-scale feature interaction module
Horp, X7 FoR g X i A SIS BRI 1
FEAE , DConv AR Y ik BB R MY sk E 450 i =1,3,
5.7, MFC 3 o3 38 43 1) A 8 41 1y s AR AE e m . Bk
B X7, oAl S 3 TR Sk L AR E) (XD, €
o BETROR BB S Y B TE 2 T 4 AR
(hy),my € RV T 3 08 T 20 N BE R AF 1 20 RE 1
wha . AN ERETARAMARFEME. S8 M Y

R IXHXWXD

€ RO SRR B AR
h; = Conv,; (Cat(X}, X%, X5, X)) 1D
Y = R(L(Conv,(Cat(h,shys++sh;)))) 12

H,Conv, BAREFAZ K/ A IXTIXT WHER,
X EIRE i AT AEIE . b, B HEFIEG €
1,2,3,455€1,2,++, %)o R A1 L 439 367~ Relu #15 #R

HMZEH—1,
1.6 EE MR &R (AWFF)

KREBONA J5 1585 R FIBRIR % 2 L AR IE R 5 .
Bk IR T e 5 K B SR A X N2 o B s R AT L AT
PHEBEETRESBPZEMNATEL, XM TXsT
B LEMEFE A F N, BRAh  ASHE R AE B DR T e 2 B
PEBE T W 5 277 AR IR I 23 BIRE J s

HEE 1% 1E Bl & Cattention-guided feature fusion,
AGFF) ™" iyl 38 1 B i, & A 4 R
KO, I AR — A3 A 1) DA A A
fiE s AT 2 e S AR B k4 BIORS 2 . R AGFF 5l A Tl &
T 7R IMEURRAE BB 75 S8 B AFAE (4 25 [R] 1

i TR KR — /N H AR 2 B AR R OR RE Z M H AR Y
JRERATE R . b TR B A S W R T o B, Sh A
FoRAG B, A S — 2P eI T B IR AE #l A A
P uRAWIE T E S EEE . WK 6 s,

Bk B 4SS AR X, FE — 2 0 AR 15 28 1 4
fiE X, ARNR X, TR A 3 2 (0] 2 ) RE B R L8



H R A F .84 CNN #o Transformer 89 = 4 E K3 ik CT B 53

6 1

b
) 4
7 3
b

| U FIPE |
s \ / ([ Contne v =
A W v G L
[l ) i L ONV,, 1 peall
= ¥ .
i FH L i Conv, | E@E
Conv, , . ; Conv, |
I/V.\' VVZ\ " W('
P
®
v I “ v
SO )
[ e
Y

6 R T AR Al A

Fig. 6 Attention weighted feature fusion module

o LR A B R Y We F W,
W = Conv, (R(Conv,(X))) +
Conv, (R(Conv, (P, (X)))) (13)
W, = Conv,(Cat(P;,.(X),P;,.(X))) QEY]
Hor, Pl Pl AP, 3 AR SR 23 6] 48 BE 1) 42 Jm) de
Kb Ak . 4= JR - 249 3 Ak 0 G R 4E B 0 4 R O 34 Ak
Conv, R HEBKNA B Xk X b ERGR TR Relu
1% BB Cat 7R 38 1B 4L BE M PREHRAE . 8 T 00 S50
PRI T L B LB 1 K 1 X 1 X 1 45 B 38 1 4R 50N

C%ﬁ%@ﬁ%ﬁ%%%Zﬁlmx1%ﬁ%@ﬁﬁﬁ

PRI C, TERBIH GELEH r RE N 4,
HRAE T 46 DL 38 T ik s B We W fila TE —
SR W, € ROTYY D W X BAG A A A HRRAE4E R
Wes =We +Wg (15)
B 2E A B E Wes, i Sigmoid AR E &
TTFREL o B S5 R HIMBGR AN T35, 21 25 b & Gt 1) 2 350
43 B AR SRR AT 0 AH DL i 4 19 o R RRAE . AT ROR 2
Y=X XU—a)+ X, Xa (16)
Y € RO Rl A JE M ARE . AWFF B an e 6 i
~o Bl 6 MBENREKE 1 —a. Ha —H, HHEEO~1Z
&), A5 A B AT LU i A FRAE X, R0 X, AT = T AT
¥y, 78 CA-SegNet ] T 4 A B AFAF Al G B,
El 2 i

2 XRERRSH

2.1 HiE&E

AEHEHOBIEENT REARER AN
ImageCAS"™ 5 Ik 3h Bk A48 4, ok A 1 000 Bl B . EIR
RF o 512X 512X (206 ~275) 1R %, i 4» PR N 0. 29~

0.43 mm’ , /K EEIEE K 0.25~0.45 mm, & 5kEGRK L
A ek AR B0 Bkt P 44 OB B AR il 7 AR IR bR A R 4t 38
SR, AR BR R — B 53 7 S B BE AR K BT AR
idL A R, BUIRENTEHE B INE 2
Fi7R .

x2 HESE
Table 2 Datasets
2R ImageCAS

FHGR/N 512X512X (206~275)
P NN 128X 128X 128

e RS 800

B F 4 100

URE S 100

2.2 ZWEE

JIT A S 56 35 FH VR 2 2% ST HE4E PyTorch 1. 16. 0 SE8E
J7E NVIDIA GeForce GTX 3090Ti GPU [ 5€ pl,, #5i#l
ZHGE T Adamw HATRAL I HR S 2T R E D 1X10 7,
e JUAR 7B K 22 2 B R A s 1< 101, Yl
BEARECH 50 %,
2.3 EMIER

T BT 5 R S HE T B 4 IR R L AR S
KT ZMITA e bR . a5 0 5 FI Y Dice #H LR
% (dice similarity coefficient, DSC) ¥ i % (Precision) . 44
[1] # (RecalD) 15 #f £ F 5 B Chausdorff distance, HD),
M LI F 1 HE AR P . Dice AHBLZR B 7 700 1F 4 45 R
T AR 7 A% 55 TN A 4 AN S B bR 2% TET AR ORI Y LEfA.
DSC . Precision.Recall BUE 5 B4 8 0~ 1, {H 8K, /3 #0Y
WL B, 5E M 2 SR R T R A 7 4 B 2 T A
R B, A i A A BORE B . AR S AR5 95
EA BN £ KR BE & (HD95) . 5 HoAh A i 5% b & F Y
FE—8 A RN SRR, HDIS HH/)N, RIRIT
BCRR R, T E LR

_ 2TP
pSc - 2TP+FP+FN an
TP
Precision = TP L FP (18)
TP
Recall - m (19)

dy{A,B} = max{maxmind (x,y),maxmind (x,y)}
a€EA bEB bEB a€A

(20)

H, TP A FP 43 527 BCBH M A 4B BH 4 L 43 500 % Rz
A TR TE B 43 ) A I A R B RS R A I AR
Bl FN R BBA T xF 0 i 3 7 22 9 48R 4 #1835 5
B%cE, A M B 2B SE.d(A,B)FRRA M B
Z A B L AR B

o 147 -



#5048 % W a

T # K

2.4 KBHER

H T HE CA-SegNet 5 3Ath 3D AR 3l ik 43 BB 11
PEBE, A SCE BT — 2 Y[ R R E AR s B, 4
#  3D-Unet®™ ., Vnet™., Att-Unet'™™, SegresNet“u s
Unetr™**, Swin-Unetr™* il 3DUX-Net"" 1 & 5% £ [7] #£
et T ab e AR 2 ok B 4 AT I 2R A, O SR S CA-
SegNet AH [®] B Il 2k B i AL S 40

2 3 B/RT CA-SegNet 5 HAth = 4 7 BB 1) HLHL
A 4 A TPEAG TS bR, AR SCHE B9 CA-SegNet Fb 34
Swin-Unetr U8 T EIF4E R . BIRE DL, 5 Swin-Unetr
ML CA-SegNet #) DSC 42 & 1 2. 759 Recall 42 5 T
2. 4% ,Precision £/ T 2.92%, HD [&fX T 10.02 mm.
CA-SegNet 7 DSC.Recall,Precision Al HD J5 i th 3£ A< H
THARAERL . CA-SegNet 744 T IFAf 18 b L 19 $2 71, & W]
HAETEAR DK 3 BUE %5 P rgfi . Recall 35 RUIEZ
1) S5 PR 3 ik 4 1E i 43 81 DSC 11 $2 5 38 AR o B 45 R
I R AR . BAR SegresNet £ Precision FAET
CA-SegNet, i 7 W] UK 15 4 95 557 1R 2 43 50 56 4R 20 ik 14
BB/ R DSC Al Recall #4% F 74 SCHE A9 B, X
HRE ARG R st T 2 h R RIR R

R3 FREEHEHEERITE
Table 3 Comparison of segmentation results of

different models

il DSC/% Recall/ % Precision/% HD/mm

3D Unet™” 77.81 78. 42 77.76 30. 28
Vnet™" 76. 87 83. 90 71. 60 36.93
Att-Unet™™  79.15 85.07 74. 42 38.08
SegresNet™* 78,39 74.75 82.98 26. 82
Unetr"” 77.70 77.61 78.23 22.57
Swin-Unetr™*  79. 21 81. 84 77.19 24. 96
3D UX-Net"™'  77.66 82. 05 74.13 46. 14
CA-SegNet  81.96 84. 24 80. 11 14.94
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Table 4 Comparison of model parameters quantity

and inference time

BT IR E] /s S E/M

3D Unet™” 34. 34 7.75
Vnet™ 42.58 23. 43
Att-Unet™* 43.63 45. 60
SegresNet*! 39. 84 18.97
Unetr"*” 49. 95 93.01
Swin-Unetr™" 43. 20 61.98
3DUX-Net"" 57.90 53.01
CA-SegNet 48. 27 18.19
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Table 5 Verification of the robustness of the model to noise
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Table 6 The comparison of ablation experiments

g MrC Awpp oL/ Recall/ Precision/  HD/
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Fig. 7 Visualization of segmentation results from different models
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