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Coronary artery angiography image vessel segmentation method based

on feature pyramid network
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Abstract: To address issues such as uneven illumination in coronary angiography images, low contrast
between vascular structures and background regions, and the complexity of coronary vascular topology, we

establish a coronary angiography vascular segmentation annotation dataset. Additionally, we propose a
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coronary angiography image vascular segmentation model based on the feature map pyramid. On the basis of
the U-Net architecture, this model was improved and optimized. First, the first convolutional layer in the U-
Net encoding part was replaced with a 7x7 convolutional layer to increase the receptive field of each layer.
Modified ConvNeXt blocks were added to the encoding and decoding layers to enhance the network's ability
to extract deeper-level features. Second, a Group Attention (GA) mechanism module was designed and incor-
porated at the U-Net skip connection to strengthen the features extracted from the encoding part, addressing
semantic gaps between the encoder and decoder. Finally, a Pyramid Feature Concatenation (PFC) module
was designed at the U-Net decoder, which fused features from different scales. Squeeze-and-Excitaton (SE)
attention mechanisms were added to each layer of the PFC to filter out effective information from the feature
maps. The loss function of the network is weighted based on the outputs of the PFC module at each layer,
serving to supervise the feature extraction process across different layers of the network. The test results of
this model on the test set are as follows: the Dice coefficient is 0.884 3 and the Jaccard coefficient is 0.7926.
Experimental results indicate that this model is highly robust in coronary vascular segmentation, more effect-
ively suppressing noise under low contrast and achieving better segmentation results for coronary vessels

when compared to other methods.
Key words: coronary angiography; vessel segmentation; feature pyramid network; attention mechanism; U-
Net
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Tab.1 Each module’s impact on performance

e 2% Jaccard Dice
BaseNet 0.64760.009 8 0.786 1+0.0073
BaseNet+Conv.7x7 0.6606+0.0119 0.7956+0.008 6
BaseNet+ConvNeXt block 0.7104+0.006 5 0.8307:£0.004 4
BaseNet+& B /5 ) ConvNeXt block 0.7234+0.0044 0.83950.0030
BaseNet+PFC 0.703 6+:0.008 8 0.8260:£0.006 1
BaseNet+PFC+SE 0.710440.004 3 0.8260+0.006 1
BaseNet+PFC+SE+II#{Loss 0.7364+0.0062 0.8482:+0.004 1
BaseNet+GA 0.7044+0.002 8 0.8266+0.0019
BaseNet+Conv.7x7 +PEC+SE +&#J5 [ ConvNeXt block+GA-+H4XLoss 0.792 6+0.005 8 0.8843+0.003 6

%% 1 1, BaseNet N5 — )2 & A 32 MEFHE
A PY 2 U-Net, BaseNet+Conv.7x7 ¥ U-Net %
A 15— B RZ BB —1 727 FERZ,
Jaccard K§EEHETL T 0.013, B T MK Iz B
H94 50M: . BaseNet+ConvNeXt block “A7E U-Net
o i 6590 0 9 3x3 AL Z 5 51 A T ConvNeXt
block, Jaccard ¥ EEFETF T 0.062 8, Uit B X £ $ Bt
A HFAE A B0 . BaseNet+& B ConvNeXt
block & U-Net H15] A&k )5 #Y ConvNeXt block,
Jaccard K5 ERAEMHTHET T 0.013, B T HX 7t
Jok o3 #AT 55 B A 501 . BaseNet+PFC J2&7F U-Net
HOAS NG IS FRE PO S5, L Jaccard K EEH& T
T 0.056, UtEH & FIERHERIR o SRl G 2 RE
TER A R . FEILEERE B 5] A SE #ik, Jaccard
KGEEHETE T 0.0068, BEWIFE PFC 43 3 H s il SE
R 3 REAE 5 B A A 801 . BaseNet+PFC+
SEHINAL Loss k4 7 3 45 ¥4 1 B — )2 40 il i o

FELME 73 E 45 1A Loss J5 -5 e i 114 Loss Ml
A2, Jaccard A4 FEHE T T 0.026, Ui BH JINAL Loss Wi
BT R RO RFE R U AT 3P . BaseNet+
GA 4 U-Net B 5 3 45 h 5] A3 2 T8 = bl
Jaccard G EEHRTF T 0.056 8, PEHIHRAD T 4ifio%
it Z A1 25 8E A A0
3.6 XfHESEEE

A SCAHH] Dice P57 Jaccard £, HERH
Aoy RIFIE Sen, T Sper WGHHE P 22 AUC(area
under curve)7 FPPFA 5 bR R B DA AL
AEo RIS R AR A 53 BIPEREXT LI
WA R WK 2w AFRIFIEAERIESE LY
Dice BBl I 2556 U3 i imi 22 A6 i ith Ze an 141 8 e
No MNFR 2 AT LA, A SCEEAE A PR AR ifE
RIS LS5 R, Dice PEAN R A5 LL R 4R U-Net $2
Tt 0.0528, #iHt ResUNeXt %% Dice #£7 0.0713,
AH L TransUnet 555 Dice #2771 0.0324, At Mul-



978 RED2E (RgEs)

17 %

tiResUnet 5. Dice #£7F 0.0166, 7R SCH 78 56
k&G A PR RE RS AR 0 T HAth 43 B B, i
X T BT E B PEM AR, A SCEGE BA A5
AL IR M A 256 5 B RE . DAL 8 AT LA

A i, AR AR ZRid 72 Dice fih £ 5 -
A, Ul WA AR R o S bk i 52 %00 o 10 s el
A T IR, 220 R 2 50 FEIk AN, Ak 45
THEEL

*2 TREZEMALER
Tab.2 Test results for different algorithms

i Jaccard Dice AUC Accuracy Precision Sensitivity Specificity
U-Net 0.7116 0.8315 0.9733 0.9706 0.8769 0.7908 0.9888
ResUNeXt 0.6849 0.8130 0.8741 0.9683 0.8847 0.7526 0.9901
TransUnet 0.7421 0.8519 0.9884 0.9748 0.8628 0.8416 0.9873
MultiResUnet 0.7664 0.8677 0.9842 0.9761 0.8775 0.8583 0.9879
Ours 0.7926 0.8843 0.9913 0.9783 0.9008 0.8597 0.9904
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Fig. 8 Dice curves of different algorithms on the testing set
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