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High-quality coronary artery segmentation via fuzzy logic

modeling coupled with dynamic graph convolutional
network
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* Vessels are thin structures with lumen diameters ranging from 1 mm to 5 mm
((a)-(c)), leading to numerous hard-to-segment regions and discontinuous
segmentation.

* The images have a small volume ratio (less than 0.05%, see (d)), which causes a
severe imbalance between vessel and non-vessel pixels.

 The extremely low contrast in some vessel locations makes blood vessel
boundaries ambiguous ( 1(e)).



Bi%: Framework

@ 3D Residual block

d?! e ]R256><82><10
d?? e ]R256x82><10

GCOnV3D+BN+ReLU
d 31

611 € R16x1282><163 : Adjacency matrix | @ TCE module N
; | CAB [ b )3 ; .

d12 € [R32%64°x80 | activation function 99 ! @ BCE dul

d13 ¢ pé4x322x40 | | Dynamic d=" | modue

d14 ¢ Rp128x16°x20 | | QOO0 adjacency : Elharllinel attention

d15 € R256%8°x10 ! QOO0 matrix : ¢ _
34 128x167x20 | | | Input : Output | -Graph convolution

d33 € R6 4%322 %40 : 'feature map 0000 feature map: network .

d’> € Ro6*X zx U > ! — Downsampling

d3? € R32X647%80 : 0000 Node feature ' | — Conv3D+Sigmoid

@31 € R16x128 ><163 : Trajectory continuity enhancement (TCE) module ' \c-# Reshape J

We propose a novel 3D deep network for high-quality CA segmentation that
synergistically and comprehensively explores CA feature enhancement from the
perspectives of boundary completeness and trajectory continuity, achieving a
synergistic effect through the carefully orchestrated functioning of fuzzy logic modeling
coupled with a dynamic graph convolutional network.



J3i%: Boundary Completeness Enhancement Module

/

Uncertainty map

< : Fuzzy logic
Fuzzy attention derivation block Input — Output
‘ CxH xWxD (Ve } U CxHx WxD
i 2
Tl HxWxD MxH xWxD ¥ = M
Fuzzy logic layer™~~ . Z.(X,u,0) = \/ e 29mc
1\ e m=l_ |

@Element-wise Addition ®Element-wise Multiplication .'_'_'_'fl‘,sr —|P® — 1

—»Upsampling (@) LeakyReLU (@) Sigmoid V Fuzzy logic OR operation

We propose a BCE module that integrates fuzzy logic with the attention mechanism to
help the segmentation network focus on the relevant region while reducing
uncertainty and variations in feature representations to improve boundary quality. It
consists of two blocks: the uncertainty estimation block and the fuzzy attention
derivation block.
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Algorithm 1 Boundary Completeness Enhancement Module

Input: The low-level features F f) from encoder and high-level

features F ;(1”” from decoder.

Output: The enhanced feature representation F.

1:

Randomly initialize parameters ¢ € R"™*C and 6 € R"*C of
membership functions Z(X, u, o).
Compute the probability map P from the upper layer
F EHJ of the decoder stream based on Equ
for jin Hx W x Ddo

Compute the uncertainty estimation map Um:(’) based

OnEq'IIl F(l) _ (Unc(l) ® F(l)) @ F(l)

end for Unc

6: Compute the output F E;)n . based on Eq

7: Compute the input X €

11:
12:

REHXWXD of the fuzzy logic layer,

X = LeakyReLU(F!) ).
for cin Cdo
Compute the fuzzy membership degrees Z.(X,u,0)

based on Eqf4]
10:

Compute degrees Z.(X, u,0) of c-th channel by adopt-
ing aggregation operator ‘OR’ to Z, based on Eq[5]
end for
Compute the final result F® of BCE based on Eq}]

Boundary Completeness Enhancement Module

Uncertainty map: We believe that the
closer the predicted value is to the
threshold T, the more uncertain the
prediction of the corresponding position

iS.
Calculate Attention
] Map
Prediction |[pred—0.5]

Attention value = 1 —
0.5

e =(O)— XA or W70

Input
feature
HxWxC

Output feature
HxWxC

Zhang R, et al. Adaptive context selection for polyp segmentation, MICCAI 2020.
Kim T, Lee H, Kim D. Uacanet: Uncertainty augmented context attention for polyp
segmentation, ACM International Conference on Multimedia. 2021: 2167-2175.



F3i%: Fundamentals of Fuzzy Logic

o HRZBIEAIME: SHM/REEESEYETLIRT I (021, FaH, 28
B) KKK, MEEFF, RESWSHLZIRREEVESELR, S50, &F
R, FR58%, XERTZHEERNIERRTEE, BEEMLT.

o IEHIZIBAIBEE: EMZIE (Fuzzy Logic) R—MMERRBENEH/REE
HUZEE., EMZEFAE— e ERS NESRKR, MUTESKRNEE, &
LVRREERHITEE. REERZ0]ZEN—TEE, BRImA—TIEE.

® HRSIRMIZEEEMLL:

Boolean Logic Fuzzy Logic

AND(x,y) MIN(x,y)
OR(x,y) MAX(x,y)
NOT(x) 1-x

® https://blog.csdn.net/SweeNeil/article/details/86535572
® https://www.jianshu.com/p/b316acff0f02
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Fi%: Fuzzy attention derivation block

* For a specific channel c, M membership functions are applied to each feature point
in the channel. It should be noted that M is kept the same for each channel of the
feature map and can vary between different input feature maps.

—(Xc—ﬂm,c)z
BETRBEE Zn (X, 1,6) =e  2me
 We employ the aggregation operator ‘OR’ to construct fuzzy feature
representations, which can preserve the importance of target feature
representations while eliminating irrelevant features.
BIIEHIBIES (OR ) BEBHTEIMHIET
M _(Xc_lim,c)2

M
ZC(X’ K 5) = \/ Zm,c(X; U, 5) = \/ e 28%1’6
m=1

m=1

_(xC_I'll,C)Z _(Xc_ﬂm,c)z _(Xc_ﬂM,c)2
= max \ e 2012,C . e 267 ¢ . 251%/1,0
* The fuzzy degree tensor: FISILL)Z ={Z.(X,u,6)}(c =1, C)

 The final result of the BCE module:
FO = (F},). ® F,) @ UpSample (F™)

Unc



TJ_ fﬁ Trajectory Continuity Enhancement Module

- [ ¢=(.EXA) )
i gl 1 A 0000
‘00040 i E 0
kY P 1 5
) i Channel Channel Adjacency D)Imamlc :
i attention block weight @ matrix ¢ ad) acency
i matrix A
Featuremap || | 05 03 02 .. 01 08 1| ([O00OC
F € RE¥HEXWXD i |04 ]0205]...]03]|03]2 0000
N : P ] : : : —»
06 | 09| 01| .. 02 04li= BOCOO X;
03 05|04 .. 08 02| c _OOOO
Node feature X € RO*Nv, N, = H X W X D

=T : .. : . .
'l@ Adjacency matrix activation function Dynamic learnable parameter matrix

@ Sigmoid —p» Fully connected --p Reshape --p Global average pooling (GAP)

We propose a TCE module embedded at the bottom of the network, built upon a
3D dynamic GCN with adaptive hyper-parameter optimization, capable of
iteratively improving vessel trajectory continuity.
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Table 1: The mean+std results of CA segmentation performance on the CAS-119 dataset and the
ASOCA dataset by different methods. The best results are in bold, and the second-best results
are underlined.

Datasets Method DSC (%)! TPR (%)7 ASSD (mm)| TR (%)? TP (%) |p-value (DSC)
UNet3D (Cicek et al[[2016) | 81.65+0.73 88.16£0.78  1.56+0.05 87.93+0.98 90.04+0.82 | 7.68x 10~

VNet (Milletari et al., 2016) | 81.78+0.62 88.32+0.69 1.51+0.04 88.08+0.81 90.22+0.78 | 8.35x 10~
HighResNet3D (Li et al[2017) | 82.57+0.84 88.49+0.73 1.31+0.06 88.15+0.58 90.95+£0.66 | 1.73% 107

MedT (Valanarasu et al}[2021) | 82.22+0.77 88.72x0.63 1.58x0.07 89.74x0.61 90.62x0.74 | 7.66x 10~
TransBTS (Wang et al}2021) |82.53+£0.72 88.79+0.55 1524005 89.12+0.72 90.94+0.83 | 8.92x 10~*

Unetr (Hatamizadeh et al]2022) | 83.01£0.57 89.14+0.53 1.41+0.06 89.77+0.85 91.07+0.79 | 1.36x 10~°
CAS-119 CA-Net (Gu et al.|2020) 83.67+0.84 89.87+0.55 142+0.06 89.93+0.69 91.84+0.88 | 7.69x 10~
MTLN (Zhang et al.| 2021 83.72+0.78 89.93+0.81 1.19+0.05 89.76+0.78 91.93+0.94 | 9.55x 10-°
CPFNegm 202 84.01+0.68 90.31+045 1.08+0.06 90.36+0.82 92.87+0.86 | 1.37x 10~*
DenseVoxelNet (Yu et al[[2017) | 83.35£0.58 88.72+0.67 1.13+0.05 89.85+1.02 91.64+0.85| 7.43x 10~

CS2Net (Mou et al, 2021 84.34+0.46 90.76+0.84 1.02+0.05 90.25+0.83 92.95+0.89 | 1.85x 10~*
MsCAsw 02 84.58+0.45 89.39+0.34 0.83+0.04 90.05+0.74 92.74+0.92 | 8.92x 10~*

BT-Net 86.27+0.31 92.31+0.27 0.79+0.04 92.37+0.59 95.16+0.75 -

UNe3D (Cigek et al[2016) | 83.84+0.81 88.51+0.83 1.21+0.12 87.84+0.85 90.36:£0.77 | 6.47 x 10°

VNet (Milletari et al., 2016) | 83.96+0.94 88.73+0.65 1.26+0.10 88.36+0.76 90.57+0.72 | 2.13x 10~°
HighResNet3D (Li et al[2017) | 84.25+0.87 89.26+0.68 1.19+0.08 88.72+0.49 9125+0.67 | 6.52x 10~

MedT (Valanarasu et al),[2021) | 84.43£0.82 89.34+081 127+0.10 88.65:0.65 90.91£059 | 7.82x 10~
Transl;I'\I‘,_Mﬁ’ang etal]2021) |84.76+1.04 89.68+0.84 123+0.11 89.06+0.73 91.21+0.67 | 8.77 x 1075

Unetr (Hatamizadeh et al[2022) | 85.22+0.91 88.11+0.77  1.16+0.07  89.49+0.56 92.35+0.54 | 1.65x 10~

ASOCA CA-Net (Gu et al}[2020) 85.85+0.86 90.64+0.63 1.61+0.08 90.89+0.82 92.78+0.79 | 9.52x 10~
MTLN (Zhang et al.| 2021 85.91+0.79 91.05+0.67 1.05+0.11 90.82+0.92 92.89+1.01 | 5.37x 10~
cwm% 3202 86.23+0.72 91.24+0.52 0.86+0.09 91.37+0.76 93.52+0.78 | 4.57 x 10~*
DenseVoxelNet (Yu et al|[2017) | 85.54=0.88 90.21x0.69  0.85+0.10 90.91x0.96 92.72+1.16| 9.36x 10~

CS?Net (Mou et al, 2021 86.67+0.91 91.01+0.72 0.81+0.07 91.32+0.79 93.56+0.78 | 3.28 x 10~*
MsCASh& 02 86.53+0.68 90.85+046 0.78+0.09 91.11+0.68 93.44+0.86 | 5.81x 10~*

BT-Net 88.78+0.44 92.86+0.43 0.57+0.08 92.46+0.63 94.67+0.56 -
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Table 2: Quantitative comparison of our method with other methods on the PVS-203 and MIDAS
datasets. The best results are in bold.

Datasets Method DSC (%)7 TPR (%)7 ASSD (mm)] TR (%) TP (%)] |p-value (DSC)
UNet3D (Cicek et al), 2016) | 87.02+0.46 85.76+0.56 1.42+0.11 87.09+0.53 87.94+0.67| 6.48x 107
VNet (Milletari et al., 2016) | 87.51+0.47 86.22+0.52 1.38+0.09 87.60+0.55 88.12+0.64 | 5.59 x 1075
pvs.203 | CPENet (Feng etal., 2020) |89.24:+0.42 88.57+0.49 1.29+0.10 91.34=0.61 90.85+0.62 3.27x 107
”| CS2Net(Mou et al), 2021) [90.01+0.38 90.15£0.47 1.21+0.09 91.27+0.55 91.88+0.56| 8.76 x 1073
BT-Net 91.44+0.35 92.78+0.44 1.16+0.08 93.12+0.52 94.61+0.57 -
UNet3D (Cicek et al, 2016) [ 66.72+0.73 73.38+0.64 1.53+0.10 78.44+0.83 81.64+0.82 1.54x 1073
VNet (Milletari et al), 2016) | 67.01+0.68 73.22+0.67 1.49+0.12 78.57+0.76 81.86+0.76| 8.81 x 10~
MIDAS | CPFNet (Feng et al., 2020) |68.56+0.71 74.61+0.59 1.30+0.09 80.12+0.78 83.13+0.79| 5.32x 1073
CS2Net(Mou et al., 2021) |69.33+£0.69 75.41+0.52 1.22+0.12  80.60+0.75 83.77+0.81 0.027
BT-Net 71.82+0.65 76.39+0.48 1.14+0.10 82.12+0.64 85.92+0.78 -

Ground Truth

UNet3D CPFNet

CS?Net

Ours
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