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Abstract: Aiming at the problem that existing intravascular ultrasound (IVUS) image segmentation networks cannot

guarantee that the topological relationships between segmentation results conform to medical prior knowledge,

which has a negative impact on clinical parameter calculation, an IVUS image segmentation method based on polar

coordinate modeling and dense-distance regression network is proposed. This method converts two-dimensional

(2D) masks to one-dimensional (1D) distance vectors to preserve the topology of the vessel structures through

polar coordinate modeling with prior knowledge. Then a dense-distance regression network consisting of a residual

network and semantic embedding branch is constructed for learning the mapping relationships between IVUS

images and 1D distance vectors. A joint loss function is proposed to constrain the network learning direction. The

prediction results are finally reconstructed as 2D masks by spline curve fitting. The experimental results show that

the proposed method achieves 100% topology preservation in the media, lumen, and plaque regions, and achieves

Jaccard measure (JM) of 0.89, 0.87, and 0.74, respectively. The algorithm is suitable for general IVUS image

segmentation, with high accuracy, and can provide reliable clinical parameters.

Keywords: intravascular ultrasound; polar coordinate modeling; residual networks; semantic embedding;

topological relationship preservation
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A1 EABKTER. () FEEAMBL (b) RAAIEAMK
Fig. 1 Ideal hypothesis diagrams. (a) The mask image that meets the ideal hypothesis;
(b) The situation that does not meet the ideal hypothesis

B2 #EFEH. (@)IVUS RE; (b) ZELRTER. ABARATSMNER RS A AL GG EmEsmic, FREK
Fagish RIRAALLE R 5 AL 41 & At & KBTI
Fig. 2 Modeling schematics. (a) Original image of IVUS; (b) Schematic diagram of modeling result. The intima contour and media contour are
marked with red and green curves, respectively. The modeling results of the lumen area and plaque area are
marked with red and green line segments, respectively
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Fig. 3 The proposed dense distance of regression network
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Fig. 4 Schematic diagram of the intersection of the true value and the predicted value patch area.

Note: For the convenience of observation, the true value ray and the predicted value ray are staggered
by a certain angle, and the two are actually on the same ray
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Fig. 5 The graph of JM changing with the number of rays
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A2 FRRENTRNES R4 E SEB AR 4 FI R
Table 2 The performance of the proposed method under different depths of backbone and different numbers of SEB modules
JM HD/mm PAD TER
Backbone SEB num

Med Lum Plaque Med Lum Med Lum -
0 0.8630 0.8589 0.6935 0.2361 0.1501 0.1077 0.1038 0
1 0.8658 0.8520 0.6947 0.2252 0.1603 0.1048 0.1174 0

ResNet18
2 0.8659 0.8634 0.6979 0.2167 0.1555 0.1078 0.1039 0
3 0.8655 0.8598 0.7016 0.2258 0.1513 0.1117 0.1038 0
0 0.8866 0.8674 0.7302 0.1906 0.1446 0.0849 0.0950 0
1 0.8803 0.8606 0.7173 0.2080 0.1475 0.0891 0.1013 0

ResNet34
2 0.8716 0.8610 0.7071 0.2357 0.1558 0.0979 0.1046 0
3 0.8818 0.8574 0.7167 0.2227 0.1559 0.0833 0.1077 0
0 0.8804 0.8692 0.7221 0.1855 0.1462 0.0937 0.0967 0
1 0.8738 0.8687 0.7131 0.2248 0.1385 0.0978 0.0946 0

ResNet50
2 0.8760 0.8671 0.7152 0.2266 0.1445 0.0901 0.0990 0
3 0.8805 0.8757 0.7211 0.2153 0.1351 0.0915 0.0879 0
0 0.8853 0.8665 0.7298 0.2014 0.1380 0.0860 0.0928 0
1 0.8910 0.8646 0.7346 0.1873 0.1553 0.0816 0.1099 0

ResNet101
2 0.8934 0.8738 0.7430 0.1761 0.1355 0.0794 0.1005 0
3 0.8902 0.8725 0.7337 0.1775 0.1396 0.0745 0.0827 0
0 0.8852 0.8646 0.7302 0.2012 0.1412 0.0881 0.1036 0
1 0.8845 0.8711 0.7256 0.2073 0.1402 0.0874 0.0958 0

ResNet152
2 0.8974 0.8708 0.7424 0.1879 0.1481 0.0736 0.0962 0
3 0.8849 0.8627 0.7255 0.2101 0.1545 0.0854 0.1088 0

A3 TRMABH T FRRLER
Table 3 Experimental results with different loss functions
JM HD/mm PAD TER
Loss function

Med Lum Plaque Med Lum Med Lum -
Smoothl1 0.8732 0.8698 0.7047 0.2131 0.1436 0.0999 0.0930 0
L+L, 0.8850 0.8757 0.7319 0.2145 0.1350 0.0912 0.0929 0
Lo*L, 0.8904 0.8636 0.7313 0.1997 0.1509 0.0794 0.1116 0
Li+L,, 0.8808 0.8736 0.7183 0.2172 0.1447 0.0894 0.0892 0
IVUS Polar loU Loss 0.8934 0.8738 0.7430 0.1761 0.1355 0.0794 0.1005 0

AR TN PERE .
3.5.2 Rk REEISCIESR LB

MRPE S — , DI B A ) 45 45444 ResNet101-
2SEB. ik Bt S 1 5 451 2 ok O I 2% 24 A AT K
P, 3T HEEE T SR AE M A5 SRR AR5 O e ) S5
SRR, NG 3 . o, ARSCHREH IR GRS s L
D WLARAT T Il o EIRCR o BRA IR s B A T
K BEHR AR A R s LRI 2 i Teig b
Wh—R o3, BT PAGRAFRIZR GO, IR A
P45 2 RRBSCOR HCAR I Do) 25 > 7 o) AT 29 SR

1, MR SRR NG XA 250 b B0 AE A A
IR, 5 R AP R R 4G T A SRR
SERYIRIAH H G R B AR . HITEIZ TS T,
i FHER A B2 sR L RE IS IR AR B = IO 25 B VA . LS,
TCIE IR A 0 oA B 2 5 T 201 1) LAt 461 2 R B,
HEZE LM T Smoothll, X—&5FFEAT, S
LEIR LR Z M AFAE AR e, BEA L AL T 0k 37
) 8
3.5.3 B

WIS (Ellipse) J& R 1UE TVUS 23#145 J 4 Fh 2%

220118-8


https://doi.org/10.12086/oee.2023.220118

XUSE I, 25 6HL T/, 2023, 50(1): 220118

https://doi.org/10.12086/0ee.2023.220118

5 — B, H WL TR g R R b, 3
ik (217 JUDREAE fes 5 0 0 AV T 400 S 500 A I 45 Tl
WY B E bR, IR AL AR A )y S A R, TR
UL A7 5T AT I 28 I I 5 T L, Sl
FH B W 25 25 F 5 Smoothl 1 15125 BRI, I 2k 90 265 [+
FF IR0 A P I AR IR0 5 S8, DIZRTR M S5 A
(e L2 I W £ i D 1 2o SR o A sl RV
%A PR,

PCM-PK #5173 B 45 A T 8 £ T 15 421
B EIZER . WRELA T R ARG (3] e A |
BERE S . RARERIC R, B0 R d L R XA S
ETINEE R IR AU, AL IM SRS R AN
FFNA T, IR G e A8 ORI I 5 4 B Y
NS R R, (HICTE SR A B R AR,
TR BERR DR N AR AR, AnIEL 6 BT Ak
P A T BB R, AR TR, 1
VLI BE A D5

3.5.4 S AR R

e 5 przn, tHEE T SegNet 5 UNet #i7, A
LS R BEE Y IM (H, 45 s i A i HD fH,
I PAD A DL SR TER $5 05 L1 R HE iz
, JRHJE TER JyHl, SEELT 0% B4R Fs 1A 45 1R
R, RUPFHRAEN D BISRNIRINER 2T A
EAIH . X 7525 T PCM-PK @t 5 =06 S5 3 A1 14
ARG, B E 25 AR A LA A —
B, MBI TIZES T RENEENE, LT
Deeplabv3+™', 7£ IM Fll PAD WA 645 7 11, AR SCH
BRI e br R MR E B, ATk £ B AZH
PCM-PK ZEH0KE FEf R M T AT 52 . g iR =K
WA, R S AR ROEAR DG, (H7E
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Table 4 Experimental results with different modeling methods

o JM HD/mm PAD TER
jE Yo Loss
Med Lum Plaque Med Lum Med Lum
Ellipse s i1 0.8208 0.8124 0.6100 0.2633 0.1793 0.1399 0.1402 0.0767
moo
PCM-PK 0.8732 0.8698 0.7047 0.2131 0.1436 0.0999 0.0930 0

Groundtruth

K6

PCM-PK

TR AT X2 4k R T AL

Fig. 6 Visualization of segmentation results of different modeling methods

A5 AR SFIEE 4R

Table 5 Performance comparison of different segmentation models

JM HD/mm PAD TER
Backbone
Med Lum Plaque Med Lum Med Lum
SegNet™! 0.8856 0.8618 0.7148 0.5367 1.5783 0.0948 0.1245 0.2328
UNet®" 0.8857 0.8846 0.7300 0.4700 0.1776 0.0956 0.0950 0.1319
Deeplabv3+*" ResNet101 0.9026 0.8886 0.7567 0.2427 0.1302 0.0677 0.0787 0.0390
Ours ResNet101 0.8934 0.8738 0.7430 0.1761 0.1355 0.0794 0.1005 0
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Groundtruth
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B{7 5% RATHRATIL
Fig. 7 Comparison of the visual effects of the segmentation results
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sectional area, PCSA),

KNG IR S LA B S an 5] 8 o, 45 25R4n
4% 6 fizn, LCSA. VCSA Fll PCSA 1Y Pearson fHX R
By 51k 0.9427, 0.9626 F10.9432, FHIASCE R
53 FI G5 RS B HL AR 1 I S 55 s BE AR DG =28 5¢

EVEMARPRIYZE R 3L

Bland-Altman(BA) 7 HT/E MG IR L # H g —F 43
Mro7id:, BRAE BN 9 il 7y ok ) — SO RR B
[ 9 7R T AR SCERVE RN A 5 15 1) A I R 248K
Bland-Altman 7304, 45 R UL 7 fizn. BA JrHr4h

SRS E. Hd, PEEKEMOC R, X5 IM R, AU LCSA. VCSA #l PCSA 43 HiE A
200 LCSA 40 VCSA PCSA
. 30+
175 . 35+ %
[ ] ® . Y ..:
150 . 30t ?-,‘ 5
° 100} T 20 2 15l
3 3 s 3
5 75} 5 - G 4ol
50+ 10 +
25} 51 5t
0 L L L 0 L L L L L L L O I L L L L L
0 5 10 15 20 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30
Prediction Prediction Prediction
B8 RALIERASEME )2 HAT
Fig. 8 Linear regression analysis of key clinical parameters
A6 REIE RSS2 5T R
Table 6 Results of linear regression analysis of key clinical parameters
R it Pearsontf>& 54K
LCSA 0.9825 0.2359 0.9427
VCSA 1.1259 -1.3911 0.9626
PCSA 1.2016 -1.5044 0.9432
4 LCSA 10.0 VCSA PCSA
3t 751 . 10y
2t .
8 8 8 5t P .
é § § J8%e0e '.' -
£ £ £ ol g :
© 2 3 - XA Bl S
< ° 30 * gl % o0
3 8 3 O AT
2 > o 5F LS S Py
®® o0 P °
° o8 Go v
-10 + ° .
-10.0 e - - L -
0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30
LCSA mean VCSA mean PCSA mean
B 9 X4tk KA Bland-Altman 547
Fig. 9 Bland-Altman analysis of key clinical parameters
£ T F4Els K44 Bland-Altman 9474 &
Table 7 Results of Bland-Altman analysis of key clinical parameters
WH WA IRETERE % BIRFH LL11/%
LCSA 5.9898 -0.1320 -2.20 5.25
VCSA 15.8044 -0.5628 -3.56 6.59
PCSA 9.8146 -0.4308 -4.40 7.27
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Intravascular ultrasound image segmentation
combining polar coordinate modeling and a
neural network

Liu Jingyu', Cai Huaiyu"", Hao Wenyue', Zuo Tingtao’,
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The proposed dense distance regression network

Overview: Intravascular ultrasound (IVUS) is an important imaging modality for diagnosing cardiovascular diseases.
The annotation of major anatomical structures of blood vessels in IVUS images can provide necessary clinical
parameters for lesion severity assessment, which is a necessary step for physicians' diagnosis. However, manual
annotation is laborious and inefficient. With the development of deep learning, convolutional neural networks perform
well in this task and are able to achieve automatic and accurate segmentation and recognition of the main anatomical
structures of blood vessels. Existing IVUS image segmentation networks are mostly based on pixel-by-pixel prediction,
which lacks overall constraints on the main structures of blood vessels and cannot guarantee that the topological
relationships between main vessel structures conform to medical prior knowledge, which has a negative impact on the
calculation of clinical parameters. To solve this problem, this paper proposes an IVUS image segmentation method
based on polar coordinate modeling and a dense-distance regression network. First, a prior knowledge-based polar
coordinate modeling is designed for encoding the two-dimensional mask of the main structure of blood vessels
containing prior knowledge into a one-dimensional distance vector to avoid the topological relationship of the blood
vessel structure from generating random changes in the network prediction. A dense-distance regression network
consisting of a residual network and a semantic embedding branching module is then constructed for learning the
mapping relationship between IVUS images and 1D distance vectors. To effectively constrain the learning direction of
the network, a joint loss function is proposed. This loss function takes into account the actual spatial relationship
between one-dimensional distance vectors and has a stronger supervisory capability. The network prediction results are
finally reconstructed as a two-dimensional mask by spline curve fitting. The proposed method is validated on a 20 MHz
IVUS image dataset. The experimental results show that the proposed method achieves 100% topology preservation in
the media, lumen, and plaque regions and achieves the Jaccard measure (JM) of 0.89, 0.87, and 0.74, respectively. The
advantage of the algorithm in this paper is that it can provide a high accuracy and topologically correct segmentation
results of the vessel structures, which is suitable for general IVUS image segmentation. The clinical parameters provided
are reliable and can be used as an important reference basis for physicians' diagnosis, reducing physicians' workload and
improving diagnostic efficiency, which has a promising future in clinical applications.
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