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Source: Yao, T.,, Wang, C., Wang, X., Li, X., Jiang, Z., & Qi, P. (2023). Enhancing Percutaneous Coronary Intervention with heuristic path planning
and deep-learning-based vascular segmentation. Computers in Biology and Medicine, 107540.
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Table 3

Quantitative comparison of vessel segmentation models on the test set (100 epochs).
Model Jaccard F1 Recall Precision Acc.
Trans ResUNet 0.557 0.710 0.632 0.828 0.968
Ours 0.611 0.755 0.709 0.815 0.971

Table 4

Quantitative results of ablation experiment.
model F1 Precision Acc.
ResUNet++ 0.4359 0.6597 0.9499

CA+ResUNet-++ 0.5158 0.7326 0.9555
Ours 0.5626 0.7334 0.9583 (a) (b) (©)
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QUALITATIVE RESULTS OF REGISTRATION RESULTS FOR CORONARY CLINICAL VASCULAR DATA
mPD(mm, average + std)
Initialized Unitialized average time (s)
LCA RCA LCA RCA
ICP-BP 386(F 1.37)  446(F 221)  1.37(F 040)  2.79(F 0.97) 3957
ICP-PnP 376(4 1.56)  5.22(4 3.02)  1.48(+ 0.41)  2.35(4 1.44) 73.13
DT 8.12(£ 5.12) 452 1.76)  1.82(+ 0.81)  S5.73(& 2.26) 2.38
cs 6.37(k 3.59)  11.24(L 8.49) 2.43(+ 1.35)  6.23(L 4.17) 96.78 E le 3
Tree 6.79(£ 621)  8.69(k 527)  2.96(% 1.01)  4.76(% 2.51) 47.31 zalnple
GMM 16.78(+ 14.3)  11.37(+ 104)  2.98(+ 1.67)  3.89(% 7.32) 24.74
OGMM 6.54(+ 8.97)  S5.68(+ 7.57)  L14(+ 0.31)  1.79(+ 0.81) 36.49
PSO-EM 641k 7.87)  8.97(: 10.61) 2.32(+ 1.87)  4.32(L 8.95) 413.32
GRad 231+ 7.12)  1473(£ 9.57)  9.87(£ 9.21)  12.41(% 8.17) 13.97
SPSO(Ours)  2.85(+ 1.37)  1.87(+ 0.41)  1.85(+ 0.61)  1.46(= 0.53) 12.62
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Zhang, X., et al. (2023). Knowledge-enhanced visual-language pre-training on chest radiology images. Nature Communications, 14(1), 4542.

Zhou, Y., et al. (2023). A foundation model for generalizable disease detection from retinal images. Nature, 1-8.
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