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Review of various vessels and airway segmentation in medical imaging
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Abstract: Vessel and airway segmentation are arouse considerable interest in medical image analysis. Vessel and airway
abnormalities, such as thickening and sclerosis of arterial walls, bleeding due to cerebrovascular rupture, and tumors in
lungs or airways, must be evaluated for the corresponding early diagnosis and clinical treatment guidance. The develop-
ment of medical imaging technology made image segmentation techniques important in the evaluation and diagnosis of such
structural abnormalities. However, the accurate segmentation of vessels and airways presents a challenge due to their com-
plex structural and pathological variations. Most studies have focused on specific types of vessels or airway segmentation,
and comprehensive reviews of various vessel types and airway segmentation methods are relatively lacking. Medical experts
and researchers can benefit from a comprehensive review of all types of vessels and airways, which can serve as a compre-
hensive clinical reference. In addition, various types of vessels and airways show morphological similarities, and certain

algorithms and techniques can be simultaneously applied in their segmentation, with a comprehensive review expanding the
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breadth of discussion. Therefore, this paper summarizes four types of representative research on retinal vessel segmenta-
tion, cerebral vessel segmentation, coronary artery segmentation, and airway segmentation in the past two decades and
reviews each type of research from three aspects: traditional, machine learning, and deep learning methods, In addition,
this review summarizes the advantages and disadvantages of these various methods to provide theoretical references for sub-
sequent studies. Moreover, this paper introduces loss functions, evaluation metrics that apply to vessel and airway segmen-
tation in medical images, and collates currently publicly available datasets on various types of vessel and airway segmenta-
tion. Finally, this paper discusses the limitations of the current methods for medical image vessel and airway segmentation
and future research directions. In our research, we have identified DRIVE and STARE datasets as prevailing public bench-
marks for retinal vessel segmentation tasks and established a standardized system for evaluation metrics. Such development
offers valuable insights and guidance in the advancement of this field. However, in regard to cerebrovascular and coronary
artery segmentation tasks, various research endeavor utilized datasets that s exhibit substantial heterogeneity and are sel-
dom publicly accessible. Furthermore, various studies apply inconsistent evaluation metrics, which underscores the
imperative need for increased attention and progress in this domain. In addition, in the context of airway segmentation
tasks, numerous research have adopted custom metrics, such as Branch Detected and Tree-length Detected, which enable
precise assessment based on airway-specific attributes and are highly relevant to other types of segmentation tasks. The vari-
ous subtypes of vessel and airway segmentation tasks share commonalities while also displaying distinctive features. On one
hand, conventional techniques, such as threshold segmentation and morphological transformations, are widely applied in
each segmentation task, with a focus on the processing of raw and grayscale image data. Traditional machine learning meth-
ods predominantly depend on the application of mathematical techniques and stochastic models to improve segmentation
outcomes and focus on feature enhancement and noise reduction. Conversely, deep learning methods address specific chal-
lenges unique to each domain in various tasks while adapting to particular issues encountered. In the case of retinal vessel
segmentation, most research initiatives concentrate on overcoming the challenges posed by capillaries. Cerebrovascular
and coronary artery segmentation face the challenges associated with data scarcity and compromised image quality due to
the limited number of datasets. In addition, airway segmentation is a relatively well-explored area, with ongoing research
endeavors concentrating on the improvement and completeness of segmentation coherence to augment its clinical applica-
bility. Deep learning methods have prevailed in current research due to their capacity for multilevel feature learning.
Although notable progress has been achieved in the field of medical imaging for vessels and airway segmentation via deep
learning, certain limitations persist, and pressing issues warrant attention. First, vessels and airway datasets have limited
sizes, which constrains the generalizability of deep-learning models and renders them susceptible to overfitting during train-
ing. Second, the application of inconsistent evaluation metrics and undisclosed datasets in most studies hampers objective
comparisons among algorithms in the same field and research progress. Third, supervised methods continually dominate
the vessel and airway segmentation landscape. Notably, current endeavors are aimed at addressing the shortage of
adequately labeled vessel image datasets through the use of unsupervised or semisupervised deep-learning techniques.
Although these methods, which include approaches such as reinforcement learning, generative networks, and recurrent
networks, may not be directly applicable to clinical vessel segmentation, they are garnering increased research interest.
Furthermore, evaluation of vessels and airway segmentation models solely based on metrics, such as accuracy, intersection
over union, and Dice coefficient, falls short. A comprehensive and standardized evaluation framework specific to vessels
and airway segmentation, which necessitates systematic and meticulous research and formulation, must be developed. In
addition, the evolution of imaging technology has resulted in production of high-resolution vessel and airway images but at
the cost of increased computational demands. Nonetheless, numerous clinical applications demand real-time processing,
but limited attention has been devoted to addressing this issue. Consequently, future research endeavors should focus on
the reduction of the computational burden of segmentation algorithms. The research on medical imaging vessels and tra-
cheal segmentation can be directed toward several key areas. First, with the continual advancement of medical imaging
technology, the integration of medical image data from various modalities has been expanding. Consequently, medical
imaging vessels and airway segmentation will increasingly focus on the exploration of the segmentation of multimodal images

and effective strategies for the fusion of multiple image information. Second, the precise assessment of segmentation algo-
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rithm performance and guide model improvement can be attained through the development of specialized metrics tailored to

distinguishing the characteristics of vessels and airway segmentation, such as the clDice metric emphasizing connectivity.

Third, the research focus will pivot toward real-time vessel and airway segmentation in medical imaging, which will facili-

tate immediate analysis and diagnosis, which is critical for intraoperative navigation and emergency medicine, during

image acquisition. Finally, despite the high number of methods developed for medical imaging vessels and airway segmen-

tation, a universal macromodel suitable for all applications is lacking. Another crucial direction is the development of a ver-

satile macromodel for medical imaging vessels and airway segmentation, which will leverage powerful computational capa-

bilities and large-scale data training to construct accurate, efficient, and broadly applicable medical-image segmentation

models. This direction holds promise in the context of the complex and diverse nature of medical imaging data.

Key words: deep learning; medical image segmentation; retinal vessel segmentation; cerebrovascular segmentation; coro-

nary artery segmentation; airway segmentation; image processing
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REIALRE RS A R o AR, BT R KPR O
H EEZ T ERA &G R A5 B RER B
ANEVBR I HL52 W P X 240 G5 G DN 8 PR Af 1 S 5K
1.2.2 HlawsgdInk

BT LR T B il 1 A8 53 0 5 20 E TR T
SEHLRL G AL & 27~ TR S BRI 8 11 — 4k
M FFIESR O $E . MBS TAE ST 1, X Fh 7 ik
A 1 % A AR R R U DI ok 4 v 23 B B HE
P, Parker 55 A (2000 ) 38 18 fifp PR e 5 B 5052 F1H:
b SR PTG P8 LA 2 A R A TR, SR ) 0 i
N TSRPS0 i B B HELRE B, i ek i
PEr B MAE AT 5. Gan %6 A (2004) 5K HH e i B2

EAEAINEE L 7 B = 4R A 454 . Chapman

N (2004) W 58 T 3 F TOF-MRA (time of flight
magnetic resonance angiography ) % /) fi I 1ML 45 43
E 2 T ZBS (Z-buffer segmentation) 5 7% , ffi F
MIP Z-buffer (maximum intensity projection Z-buffer)
Vi g Fiab AR T AR /NREAS b Uk B g B2 S
0 FIRE ), E 2 7E S OBE 4 BB IE AT St
Sabry 4% A (2006) 7£ TOF-MRA [&1% |- 5% ] ¥ Fh 58
AR BDRE R 3R 32 I 48 B0 St Jl g 5 UK
AR BE ML Y A & R R AR (E DL e
it
1.2.3 BEEITE

TRBE 2 2] B AN Wt 2 i T A o2 i 1 A8 4 %10 7
V5  REEWTFEHRRIT 4 R PR L 25 > B BEA i 10 A
SyEl e N T R T Sl bR G i A AR A 5T 5B
RS AR , Fan 45 A (2020) 4 i) 1 —Fh & T 5 B b
25 [ 28 1 s Hy 7R A K Bl ML 3 4% 7 (hidden Markov
random field, HMRF) {73 F 7535 o %07 kil i {f
HMRF H5 7 R I 28 B o 22 I 2%, I T i 20 1 % 1
RN U . W, R HMRF #5250 2
)£ B A > B R S 1 0 HI 45 R A T 1
R S 27 e 1IN =B 37 2 N AL | =7 NG AU

LSRN 0 53 SURE I ) Pk K, Tetteh 55 A (2020) $2 1
T DeepVesselNet. ZRIF H 3D | F 3¢5 B 2D
15 A8 S e ANV 58 SUIRA0 % eR &R, LA TR
4 S AR 8 AT U AR N AF T R L ISR R
T3 HOAR T B0 5 AT LA Sl = T i 2 A4 AR
SR ARSI R 2R B R A

TE AR AR T b, b 3 A R SR IfL
BB 24, e LA S B0 50 1) v G B A
PEVE . i T DRI BE AR, Zhang 5 A (2020a) F1
2 B TR 5 A AR MR i A N T 1 40 i i
SR, LA R B AR IR R, Z R SRR 1L Y
JH Clean-Mechism #5742 1E 3R B — /MR B 679
4 O R 4 i) E i 42 Y DD-CNN (dilated
dense convolutional neural network ) 5% il 28 £2 41, 4y
FIOT WA 3 s . S Ah, BT CT i 48 1 5% (com-
puted tomography angiography , CTA ) /A ) fig 1fiL % 43+
T T A B2 W AR T B BT
715 Nazir %5 A (2020) 48 ty T — 51 44y OFF-eNET
(optimally fused fully end-to-end network ) i 4 ¥y 3] ¥y
W2& T T A sh A = 4R AT A E . O A
A FHAS [+) 1) SRAG RS B 28 20 88 g 0 1) 45 2R A e f 1
IFHAE R T — R i Rl SR o 22T G g
HHZH B A B AR ST, 2P R T o R
Btk
1.2.4 /g

e R o S W R S N
Bk ) 2 ROk TR SR SRR . SR X AR O
L2 o 32 BN AR B BR A, BLATRE 222/ H Az X
S0 MHZT Ml 7 Jr izl kA7 1 e,
TR T S5 R B P AR Ay kB A0 43 1 = 4k
M S5, IFl AT S bR AR S TR B B . 7
BT R E A W WE T TAE o A D7 kA AR E 2Rk ]
K ML A8 > %ot K IR BE 2 . Ak,
AT — 6T R 2 B R S R AL, MK
A5 58 BE 43 A B AR B N T R b AR R i bR A
A [ A — S8 TARSE T 48 1E 3858 LB i
i RV A7 A2 SRR 2% bR RS 7 v R i v A 6
X S5k i 4R A A SRR R T B, D IR il A o
LS B e — 20 R e it T H E A HESh )
1.3 BRI E

AR B Ik H AT e A b A RSE T A
AR 5 19 E 2P Z — (GBD 2016 Causes of Death
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Fig. 3 Cerebrovascular segmentation method (Zhang et al. , 2020a)

Collaborators,, 2017) , ™ 5 J& i & N\ 25 19 A= i fE e o
e 1o TR gl DK 3t 5 A I e AR S o 28 2 T AR AT R
W (X 5 45, 2021) 3 5 el IR 2l ik ik 5% AT LA
AR A B AR s bk 72 e HL | P 2E 55 S ko
AR B  AEAS KT 8 WA e 4 HOR T I R B2 A Y 22
5, JF Had FEFEMIFE ST o BRI, AL e FoR
X 5 MR 3l K 3 5 kAT i B Ak 2R 23 28 HAT TR
B
1.3.1 fE505k

FE IR ST, Worz Hl Rohr (2007) R H T =4
Al AE 2 500 B AR A | i ao ik TR R S IR R A
P EEAUA UGRS3 T 6 I AE 2k AR
Jry BRI 2 A D R = 4 Ay Il Ak, AT
1 Gt i TR AL %5 1 T 3D BIAT AL IE , A
RO AR TP 0 s ST R AR A, B2 T A 3D
MRA (3D magnetic resonance angiography ) 1 CT 54
M58 & 52 H M4 73] o Bouraoui 46 A (2010) R
o A2 BOR 858 DUk Y K2 BEATL S 45 4 DX I
B A PR v B IR RS RN L BE AR A . 2 AR
Bl e o fi ) AR R RS @ . Cetin %A
(2013) LI #eik it 4% (diffusion tensor image , DTI)
SRy R AR A 1 i R ) A 3 Y SR AT
oyl TR AR B — T IR AR, A S
SCA kI SEAH SR A, (H 2 2 [R5
ARG . R ik —20 Bk, Cetin Fl Unal (2015) #2
T T 43 3 A AR AR A R B 5K A (higher

order tensor, HOT) 7 &, P HOT IMAE W Hiic AR . %
Ji i N P SCRO R 1 TR A i R o 2 4
HEMAS TR AL 1242 SR 5 PRI 4D i 48 Tk it 42
B A 75w, JF TR S — A& %07
AR TR B Bkope 7 Xl e B0 R 4 (B TE s 2 A Ak 1Y
T332 B LA, A ik 8 & i BR A T R A
1.3.2 #lasedIrik

BT ML 2 T 19 e AR Bl Kk o3 ) 7 125 R 15 K P
B RIS AKUE (ZE MG 45,201 1) S HOR . SR %
2 (2017) Fe i T —Fh AT sh 7l A= 1k
J1 PR BUK VB 1Y CT LA 3 52 56 IR 3l bk 43 1 5 v o
7 38 2 T 25 2 W I N o s e e A DX B
) T 7K T8 00 K00 i 6 s W S50 2 M 6 i, DI
JEil S s B4 . Yang 55 A (2007)
P T 22 RURE 1 A8 8 IR DL ST ARE 4 ek 1)
RSNk =2 A 2 F 5. 205 DU )
AT B LA, Fu v/ SR B O A5 1 AR R
b, FFG I B N AL R ks o 7R 7 AR )
Jik CTA s 5 F I, P4 9% 2205 0. 37 mm. 1R
I FEI I BT, 220655 A (2015) 8 IX A
FNEIE Ty 45, 8 SR BB X AR K7 A
FIG, ZBRTC AR R L IR M 3 I 2 A 23 [R5 2 A 1)
21, A 2R B B i SE R 4] o Schaap 48 A
(2009b ) {7 FH & T P U0 31 AR A2 A% 101 051 A9 5 125 4R A%
FEEBRMFYRMmME . A, Schaap 5 A
(2011) BTt [l 94 Hh kot Iy ik, ) P s R 4K
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27 2 M TUAT I RSN, SR AL 21 290 14 5 s
FTT LA 21 5, O (0 P 8 B A L [l B AR 4 Ak 7
B ZINETE O NE CTA Bis 4 kAT 18 P AE
PPN B RA M SO AR ERIIAE.
1.3.3 WEEDIE

VR BE 2 > 7 ik BRSBTStk sl ok o ) R ke
7328 (HIX SE 7 k08 H AR RURR AR T AR B S 50 AR
MRS, O B e SR IR . BT P 2R
2 J5 1 EEEU T UG AR BT M S A8 ik
PR A R Pk . X Rl A 1 5 S H eIk 3h
ik 95 12 Wt 1) 0 < s v AR B A | SR T X 26 [ R AT
A7 7 5T 5t IR R B 75 [ [A) 8 , Nasr-Esfahani 46 A
(2016) % 14 H 1587 A R BRATAk 5ok S i 471X
Sl 20T A LA T SRR e e AL R
HOXF LB B e Ao A AR R Bt 75 3] CNN A% 33
H R, B 1104 75 ME K Bt CNN BEA T
Yio Xia %5 A (2020) %1% 1 52 FG AR L B2 A 5
S5 R T T I ok Y R, B2 HE T — O Y ok
PR T AT R BE R T YRR A A 20T AR
SR A7 1) A AR A S i AR A O 1 1) R el A A O
J2 I i A ) RE B o RICHE AT LA ARSI AN O3 L AR
B 6% 5 S5t DR 52 R0 3 0T G 1 1t A8 45+ D T 3K B
R4t

WA, e R 3l B 78 73 28 7] T 1T , Zhang 45
A (2019) #2 H T DMQCA (direct multiview quantita-
tive coronary angiography ) B%! . % J5 7% B 7E w4k
AR BBk AE BIE SR, il hNNAR S % E MR
I A8 BE SR AR L 3K BEFR AR 2 A A SCAR T E Y
HE% . DMQCA BIAIAL 5 ZHLRIAEH O B b
AN AR SR 7y o Horh, Z2 00 R B d i = 4
RO SR Bl B FEAT I 28 AR 2 T 5 T 0 ALl 1
YA A 57 78 DX BRI SR OC B 2, 5 S B T T )
FH A28 VA P 52 B0 22 40 R AE 5 [m] A5 B i o 22
AFEAE A AR Rl 3T . DMQCA BRI 75 [ 5 4 4R
FUR 105 44 58 B T IBE Y 2 100 i X 22K 5)
ok i 8 3 5 U B dEAT 1IN, 5 A By
AR L, B S A e B AR EME . Z )5, Zhang
S5 N (2020b) 7EX T T AR HEAL akSefEdt , 421 T
— BRI 53 )2 1 2 2 1 % 2 (hierarchical atten-
tive ulti-view earning model, HEAL) 7£ Il 45 & 5 %
AR B B A T i . 2T R 2 LA
27 2] H 4% M XRA (X-ray angiography ) & WA 71 )

KBS B FN AR S, IF BT T — Bl S % G B il
PR L2 S TR 43 BE 3 00 B AME B o O 0 58
W R T HORM 2 )R XRA BRI A T
Z B UERT I .
1.3.4 /hzh

FETEAR B K 3 EE 55 b AR50y i F R =
YRR FE S B0 BRI R T 43 3 0 A AR 5 By
skt A5 5 R AU G TR 2l K iR B (R AN B AR UK
Bk, AH 2332 3] — L An A A 1ok 8 2 Y BIR 1 R ]
BT IS DLae > I g il 7 — 2y
B, 9 G0 B T 1 Sh AR RIS TR ) ek UK AR O
125 DA DI AR AR 3 5 2k B 45 5 5, (H X 267 vk
TEAL PRI PSRN 5 S5 5 AR ) AU R A . TR
JE 27 2] (SR Bl Bk o3 B9 AR 2 2R A e RUR AR
i WP RSN o AE 43 2S5y T Bk R L 9] 40
PR PTAT RGN 22 R R R S BB A8 X el A
ISR o AR WFE AR 2N &
iR TR S 25k 177 245 R R 728 R A ) ) T, DA v AR
Pz A o RTS8 12 >R FH B M0 4 T8 0 AT & 1Y) DA
febR, LS A5 —RITAGIA R . 2, XY
TSR AT BT DA e AR 1= 2 i AR B ey ] S 1) e
AR B K53 T A 56090 550 A8 S0 12 W
FEIT o
1.4 SESE

SIE T FER E AR P ) B G —  H
AT 55 0 IR R 8 R it 70 254 1A T 03 A = 4
A, TSR IR R W ANA YT b ROE
AT LS Bl e A T Ml 5 R 8 R DL T
Aili B8 00 T DI RE , G I ils 2 11 Al i 38 95 55
1.4.1 &5 05k

ARG B 3 1 D7 k3 P DX A R A
TR BAEEAT 3], Aykac 5 A (2003) 3 H T —
FIAE CT YR EAE R BT A g 0 7k, T
i 3 403 I T ) MR . AR IO TR Y
AR AE 7y SR R AL AR 73% , A 2 LA AL I
PRAT K o O 4 W8 B kG BE RN &80% , Tschirren 58 A
(2005) K] T HA 24T B0 14 4500 =i R
8% [X 35, (region of interest, ROT) , LA ve I 145 i 75 Fn1
BEEEIR R, AR/ T STE MR, (H7E R R = 4Rk
BUR AT 3 AR 5 . Graham % A (2010)$2H T
—Fh g G R AN A R 5 B 1 7 v i X B GE
HEATORSF 435, BT A0 D 0 4 18 AU TE A B AT TR
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18 Jmy A 2R, B 2 2ok 4 Jey PR 3 B R ek 4 )
P A FUBAS o 53 A WF SR A 3 N (12
(Pu 55, 2011) , 38 4 73 By fili e 351) 235 440 A1 2 i 30 <
BN EY R LA U, B E T UERHE SRR
PR PR A, (ELATS R LI X fii 28 18 2572 A 8 5 100 1
Bt LA, Fabijanska (2009 ) $2& Hy T —Fh XGHE i X 35}
AT %, T AR IBORE I = A A 3k ik T 25 b
204G B RA
1.4.2 HlasEdTnk

TEFETHLAS 7 I I R 0= GE 2 FIJTETT 1, Lo
AFN(2010) $2HH 1 — M Tl 4 5 5 (9 il CT P 15
SE ST RIT % 0T BN R OE S LB R
MLAE FCIE J7 1) 45 R A5 Atk , ] 3D XA K
RG> EUE . RS E T I A GE Y
X SRR, LB T GE DRI A E AR T Lee
SN (2019) IR FH 22 RS 8 P AN 3235 [ i AL o 260
LEEWTI, YR AL TR IRGS M Y 2 R I8 I
Ty - A0 i A 1 A DX, HUGE B X G OB
A Y SCB T IINZR SCRp 1] AL X S MRS
B DI, i A P RSORY 322 388 P BOR R e 126 ALl X
. %7 AE EXACT’ 09 (extraction of airways from
CT) (Lo %, 2012) 1 KOLD (Korean obstructive lung
disease) (Park 55, 2014) W4~ S5 HE 45 L 47 9F
i, s RAFRY 2 FBCR , (BARIHAEE D R iR B
PR U
1.4.3 REES2II5K

BRI 2 IE T iz B AR UL, B
)T AR 1) NP7 s B A2 ol Rz i LA K%
HME S MR B R APk . Fo, D T TR Ak
Jil 38 H bR /N 5 BOR E U ), Yun SF A
(2019) & ty—FhFIH 2. 5D 757 8% 3D CT B 4T
SUE H B B SGEJrvE o %05 AT 2. 5D CNN
SRR G55 2D A1 3D 5 8 LA w5 T 2 0 Y v
e, H et JARFITEAR 34> 1E 5207 ) 3 A4
FHRRDI R, F ] el ke ad 38 = 4ERRAE T AT
TERAEL, &N /DNEFCHE. Zhou 5F A
(2021a) AR 3 J5y AN 14 22 145 1 1) RUBE 22 S %)
PUN/N SRS, $2 tH — b =2 22 ROZ R IR SR
A M4 (multi-scale feature aggregation network , MFA-
Net) KA PRI /NS UE I PR . MFA-Net fii J £
FRUBERAE SR B BRI FA7 25 10 4 BRI AR AN [F] RUEE (1Y
SRR SR TNCRE B R e T

JRIERAN S0

N T AR 73 B 55 R A S AN Y
A1, Qin 2 A (2020) $2 Hi — Fif Xt A1 Ji] 40 32 <8
SR B 3 #1710 %07 86T 3D-UNet 547 2k
SR RS T 360 3 e 4 VARl ML o 5 1 ) R A T A
e (Rickmann 4% ,2019; Zhu 55 ,2019) , DA KRR 4
PRI TR S 0] SCHAE | IF 38 2ok 1] 7 ) 28 TR e
(Zagoruyko 1 Komodakis, 2016 ; Hou %5 ,2019) #2155/
SCE TR SCRFIERR BE o 2007 1 43 R AT AL SSOR
WA 4 J 7, B4 00 7 R DR AR 1 R A R Ay
F5 R, IF HAE 5 32K (branch detect, BD ) R A
I (tree-length detect, TD) (Lo %5 ,2012) #5 b5 [ F2
DE5 0T 52 R Al SRS AT B i 8 AURAE  {HL ) if
o7 ok 7O A B BH PE#E . AN, Zheng A
(2021 ) 38 i fifp e S o) A 4 acd A rh &R SR R B =
b MIRZ JIK R, A ke T A B AE 3 F e E SR N 26
() AN SF- 1 1 PR Ao A B T Al A R Y
WingsNet K fI3R 9 25 11 24, -4 th 77— R0k 9 3d ]
WA 40 2R R it DR /N S AP Y T e

AN, —Fh 4y AirwayNet (Qin 55 ,2019) 14 J7 12
fife e T DA D7 fil 2 6P AT 3 G 2 T A [, i
— R T I HERR I FE LM . AirwayNet 4
T O3 M 55 R Ay 26 A4 TIONAAR R A AR
JE AT 55 o A A ) IR, A
wayNet 7] DL SIE 1 [ A 2540, FF i — 13
i VE Ty ) X SE AR R #E AT 40 25 . Nadeem 5 A
(2021) $ i T —FloFT 7, #AL G UG AL 317
DR TR AE R AR SR S AR & . BURAER
T RS 3 B S HOT IR |, AR AR TR 25
I 2 /N R S IR U R E N S I R r N (R
CT i h I3 A A AR RUIRT, SR i B B T IR o
>J R JEE ARLAR TR i A Bt 26 B R 4 —E KSR AT
SRV . %074k BN T IEAE SR T Y R B Z2 AR A
COPD (chronic obstructive pulmonary disease ) A 5 iff
5% By Bl i (total lung capacity, TLC) CT 4, 7w
Y E R AIE R 77 o Selvan 48 A (2020) 42 T
— TR P L 20 A RS R 28 X 26 R A T AT 53 8 0 7
T MR T g B MR R S A /N SR R LAAG: T
P ZE TR R, 3207 WoRE I S U A IRT R 4R AE 55
A 8 2 P i OB YGBR (1) FJ JR B T T A
TV 2737 19X 4 R R b 28 I 2% 1 T A AR B A, e ifr 4
BT e 07 L r TR R ARG MRS
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JIEN
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TD: 71.4
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B e g

P i)

DSC:91.2

R I

FPR: 0.008 AT

LR

BD: 89.
TD:69.6
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TD: 73.7
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FPR: 0.012 FPR: 0.020
~ DSC:95.2 DSC: 94.6
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FPR: 0.001 FPR: 0.001 AW
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K4 B HIER AT (Qin %, 2020)

Fig. 4 Visualize of airway segmentation results(Qin et al. , 2020)

JECJZ R 25 ) T
1.4.4 /NG5

B EUES L ARG A CT Y v R
RV TE 25 B g 1R i 15 S AR F 22 B 4 32 1Y)
S YEFIR ROT B 0GE T8 X3 A K2 00k 40 1) = 4k <,
o HARIX ST — i W EI R (B R
TR AR A 5 S5 (R, AL > 1 U3 ek
Je I S AE SN UL LR I 45 RE T mE R RS A
3D XAE KR AT R GE B . X — kR
R 0 A AR 1 L (LA A R AR PH 2 25 5 R 433
e A 0] 1B 2 G g e e N =R 1 B S A A TR
Jo) SSRGS LR A R e R A ok R B ik 45 Bk R, S
FUREE - 2] o8 TAESR H T anFI A 2. 5D CNN
XF3D CT EMG#EAT B 435, R 2 REEFRIER &
BRI A7 28 T BRI RAS R RUBE () B R S0 B
G070 R T RGE B R R R O R
e /NS R R . AR M N I —
i DR AT S 38 R s O A A DA AR v R
(A AR L FH K-

SRS, 45 28 A RS 4 BT 55 BE A — Sk
FRANZ A, P4 14 R T 2 B0 ke o [
AHET X 45 A 1) JBUARRAE , A — SRR = 4b

SRR T 55, 15 48 75 138 35 I A2 45 70 4T
55, WA ) 2SR SO SRR IR A
BAEAK B ERBUE AL B HAh AL GE R HL &7
2305 1 R AR 07 1 A BE AU RSk ik 731 245
AL FERF AL i A R Ak BT T DT R

5 Z AR I R BE o~ Ik AR AN AT 55 Y
HARN ] 3202 0 17 IR R S AR ) 4 Bk A, A4
50T TR 4 P R R A R 1M A 3 b O
ZoRE 5 T AR B T ik 2R 6 200 10078 R 1) B A 5 [
IS, R LA F AR S bk e e, o TR A
BIR , 37 5 T AP R 0 A L TP AR o (P A, b,
S B — TN 5 22 i 40T, 12 0T T
VEE TARR 7 H G P A 5E B, LA ey Holim PR %
e

2 K EE]

TERG I F b, a] LR 73 BIAE 55 76t 00 28 1)
A, BB BB R o MR 2. oo
Jii 45 2% (binary cross-entropy loss) (Shannon, 2001 ) J&
— B RS S TS LBk ph gk, AR
JEUREL 2 T A9 ABE A8 0 A 5 L AR B EA T LU
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A e/ MRS 5 L SR 5 22 ) 1) 32 S R B
BAIZHL

(BAE B2 2% AR L8 R SOE 4 #4595 vh, RS
TS AR A AN R Y (Jin 55, 2017 ; Meng 55
2017) , hF L4 R AR RS A BT R i 14
BrhERBRREE S E AL, ISR,
K 1Y 56 BT 2 3 M I I 2507 1], 33
PR 285 T 7 7 DX I B0, AT 86 A e vl e D0 Ao
N T P AN R, AT LR Dice Loss (Milletari 55,
2016)1E M4t 2k s %X (Garcia-Uceda Juarez 28 ,2018) ,
HAR N i B b RO SRR Sy 1E HL B0 oy 1 /9 b
1], T LA S A L [ 5 DX ) T

{H Dice Loss # [HAF7E %A B )81 - 4 EHZ iy
bt RA AR, — BA A P A 5, B 3
T IABL Y R WR BE AR By, T S B R (B PR 9 AT
W2 2R To sk e 8. Rt A RIS AR (Qin 55
2020,2021) % Dice Loss 1 Focal Loss(Lin % ,2017)
FHSS G 3 3 A 25 1 5 2R A 19 451 2% pR &K
(5], () B 2% S J 5 LU A 1A X B RE AR AN
YA 1A [0 R, AT AR K2 i T 400 R ABL IR 35 AN R i)
BB T AR FIUERA R . Focal Loss 31BN

—za (1 —p)”og(p) g=1
Lm-,al(Pvg) = l;l (1)
—Z(l —a)p’log(l1-p) g=0

&4 B35 % BRI A, W0 Dice Loss 1 Focal Loss, [
T IV REIR 0 F D2 A8 0 3 M, A7 TE — 0 1 )R
BRAE . X, Shit 45 A (2021) 8 H—Fifo 280 4 MR
R0 s, TR G5 43 BIPPAL . & 5]
AT —FFr K clDice (centerline Dice) B9 FHLLJE & ,
TR B R B S F R Bt s . B
(9]

Tprcv(sl’vvl,) = |SP ﬂ V,|
5|
SOV (2)
T..(S..V T
::::: ( L P) ’SL|
T T..
chice(Vp,V,l) =2 X '"“(SP’VL) x ’m(S“VP) (3)

T Sp.Vi) + T S1V2)
KX, S, 1S, BRI EE L v, F - EbR i v,
R E R . BERS TN T VTR S, AR, 3R
IR TS V), RZIRER , F R K TS V,)s
chice(VP, VL)D'JJ%XﬁﬂﬁﬁFTE%E’\hE%ﬂ¥i’J{EO

VEFAE 2D F13D 43 F FAER] T clDice 75 [ 4& 55
o7 EARIE TR EMREES  OF B — D4R 1 T —Fhit
B R H AT 5 2% PREE (soft-cIDice) , AT H Tl
SRATAT o FI R4 o AV e A A i A T
FE AR TCAE N Y 5 Fh A IBOR AR B TSR UE . 52
55 2R W, ff HH soft-cIDice 4TI Z5R AT LAy AL % 8 M T
UF RHACLRE B i 1 4345 2R

AN, Zheng %5 N (2021) Sk T 2% fiff 28 5l b6 i 2%
AR, & T —Fh T I 25 AN ) Union-Based $iit
U3 BRI, FX M General Union Loss. 140t 2% PR 50 1
AR B S SOE AR 6 B2 LR LASG s AN 40 S <A
ORI RE 7, ) A R A 1 e B A o [ 324 2K R
BOHS A Y PR B R A SR A, (A AR B
VRN A0S [R] A (6] 1 27 2T B B i) e A
JE AR, P m R AR A S R BUE . 5 E TR
Dice Loss #l Focal Loss ZE4H I , General Union Loss 7F
7 A A B bE R 0 BRA L 3E  nA B B A 2
B A DT RGBT AN A0 S AU U B TR A
TE AT HE S5 Th S T R AT RIRCR

3 EMIERR

WER FE (accuracy, Ace) . R JE (sensitivity, Se)
FRE 5 (specificity , Sp) f& e H FH IO A BEARIE , Ace
S A TN A i A A TR i G A8, Se 2 TE B U 1
FEA [ H 9], Sp o 1E B T £ AR A Y b ] R
Acc Se il Sp 2 e FHIY k4645  (H2 EATFABE
SV BEITEA )3 50 R PERE . 7RSI
ST DL AR S i T SN R A 2 Y ]
Acc H5 05 AT BE <3 = AT RIRY Y S I PERE . O HLACAY ]
REHE 20 B 45 2R 0 W 2 A AN T8 17803, B0 ) 4
RH BRI TR A TCHETE Ace Se Fl SpF& xR
AR, Ot 2R TAEWAR 1T HABAT AR 4
b, LA S b0 2 SE PRIV T 5 O R o R 1 R4
T HAE WA A8 FR , 41 DSC(Dice similarity coef-
ficient) (Milletari % , 2016) . I0U (intersection over
union ) (Rahman 7 Wang, 2016) 1 HD (Hausdorff dis-
tance) (Huttenlocher 55 , 1993 ) 1] DL PEAL 43 E) 45 S 1)
AL , AUROC (area under receiver operating charac-
teristic curve) (Faraggi #1 Reiser, 2002 ) 7] LA P4k 45 Y
Y HE R PR AE AP |, Connectivity (Gegundez-Arias 55,
2012) . Area (Gegundez—Arias 2 02012) M Length
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Table 1 Evaluation metrics for various vessels and airway segmentation models
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22 2 S P I B I A5 Kk 4l 4, Horh STARE (struc-
tured analysis of the retina) Fll DRIVE J& 5 4] 2 F )
LA A I 00 KR S o STARE il £ 40 7%
20 373238 F 500 Wk A JEE R I 1 442, T 45 00 e
605 x 700123 . DRIVE $4 840 % 40 7 218X &
120 1 3 J3 A0 190 J5E P 452, T8 0 B 0h 565 x 84 4%
o TR B AL, 3 A B AR R £

ML 3 T SEE VR REVEAS AR E . oA, Al ol
EMFEZETS LLA T, U ARTA (automated retinal image
analysis ) ,CHASE-DB1 ,HRF (high-resolution fundus) |

R2 WMERMELES

Table 2 Retinal vessel dataset

utk g PR
STARE (Hoover % ,2000) CFP 20 &
DRIVE (Staal % ,2004) CFP 40 B
ARIA (Farnell %,2008) CFP 143 &
DIARETDB1(Kauppi %5 ,2007) CFP 89 2
REVIEW (Lin%%,2017) CFP 16 2
CHASE-DB(Owen %:,2009) CFP 28 JE
ROC (Niemeijer 2,2010) CFP 100 &
HRF(Odstreilik 45,2013) CFP 45 B
Messidor( Decenciere 55,2014 ) CFP 1748 &
RC-SLO(Zhang%,2016) CFP VIVE
IOSTAR(Abbasi-Sureshjani %#,2015)  CFP 30 #
PREVENT( Giarratano 45 ,2020) CFP 1 2
REFUGE(Orlando % ,2020) CFP 1200 &
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Messidor, IOSTAR (IOSTAR retinal vessel segmenta-
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1%, BG4y HE% ok 3 504 x 2 336 8 % . REFUGE
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N TT IR BASETT JGHR PGB 2 , 15 DGR 7326
FALAR 43 ), U4 T 1 200 18 CFP (color fundus
photography ) [ B F T hiid:. REFUGEZEE T —
AT L P i A B 12 PR R VA O v i Rl PR HE TP
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WA S R, AR SCHIH T 78 DRIVE 1 STRVE %
AR LA IR UE R T Ik 0 S EIERE . AR SO B LA
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Fig.5 Metrics comparison on DRIVE and STARE retinal vessel labeling datasets
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Table 3 Brain vessel dataset

EAS AR B/ RS
MIDAS21(Bullitt%5,2005) ~ TOF-MRA 109 2
1000PLUS(Hotter %%,2009)  TOF-MRA 1200 1
7UP(Madai % ,2012) TOF-MRA 9 i
SCAPIS(Bergstrom 55,2015)  CE-MRA 194 5
PEGASUS(Martin%%,2015) TOF-MRA 74 &

4 e AR 3 BRECE 5 0 A TR AR Bl ik
B ¥ % 4 ROTTERDAM (Rotterdam EyePACS
AIROGS) . OSMSC (open source medical simulated
coronary) . CASDQEF (coronary artery segmentation

dataset for quantitative evaluation of frameworks ) &5

XSRS T 2RO AR Sl Bp B S, e

L O HUEEBESE . IT4F K, DeepVesselNet Y 1E &
Tetteh 5 A (2020) 38 BRI A TF T W E I 4, Hop
TOF MRA %40 5 & — > H1 20 91 25 48 F1 20 4~
T AR 2 B ST I DR 4R o BB (1 R
580 x 640 x 136, ZEEAR SR FNHh - 1425 8] 43
35120 0.312 5 mm x 0.312 5 mm X 0.6 mm., 75—
> Synthetic £ 48 5 /2 £ T Schneider £ {1 79 1L 4
BEHLES T 2 I B 4 L A T 136 1 B 43
HEHN 325 x 304 x 600 HYETHE
F4 BRIUBKEIEE

Table 4 Coronary artery dataset

“tk pgrn PO R0
ROTTERDAM (Kirisli %¢,2013) CTA 32 %
OSMSC(Wilson %£,2013) MRA,CT 93  J&
CASDQEF (Schaap %5 ,2009b) CTA 48
TOF MRA (Forkert 4§,2013) TOF-MRA 40 &
Synthetic(Tetteh Z,2020) TOF-MRA 136  J&
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Table 5 Airway dataset

CAS PG /A RSN
DLCST (Pedersen 55,2009 ) CT 32 &
COPDGene(Regan %,2011) CT 400 %
EXACT’09(Lo%§,2012) CT 56 2
LIDC-IDRI( Armato %% ,2010) CT 1010 2
CF-CT(Kuo%,2017) CT 24 %
KOLD(Park %5 ,2014) CT 65 i
LUNA16(Wang%:,2020) CT 345 7
ATM22(Zhang % ,2023) CT 500 o
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Table 6 Summary of performance of various vessels and airway segmentation in medical imaging based on deep learning

255 RS G B S EIE R FE bR
STARE ~ CFP Acc=0.9603,Se =0.742 3
Lin %% A (2019) DRIVE CFP  Acc =0.9536,Se =0.763 2
CHASE_DBI CFP Acc=0.9587,Se = 0.781 5
Tang Fil Yu STARE ~ CFP Acc=0.949 8,Se =0.751 8,Sp = 0.973 4
(2021) DRIVE ~ CFP Acc=0.9477,Se = 0.738 8,Sp = 0.97 3
STARE ~ CFP Acc=0.9630,Se=0.976 0,Sp = 0.982,DSC = 0.815 5
Yang %A
(2021) DRIVE CFP  Acc =0.956 0,Se = 0.813 0,Sp = 0.976,DSC = 0.819
CHASE_DBI CFP Acc =0.9632,Se = 0.817,Sp = 0.977 6,DSC = 0.799 7
STARE ~ CFP Acc=0.979 1,AUROC = 0.989 4,Se = 0.821 7,Sp = 0.990 1,DSC = 0.825 4
Li%¢ A\ (2020)
DRIVE CFP  Acc =0.970 0,AUROC = 0.986 7,Se = 0.839 7,Sp = 0.982 7,DSC = 0.829 8
Zhao % )\ STARE ~ CFP Acc=0.968 4, AUROC = 0.985 3,Se = 0.839 0,Sp = 0.973 6,DSC = 0.846 5
(2020) DRIVE CFP  Acc =0.956 3, AUROC = 0.981 2,Se = 0.839,Sp = 0.973 6,DSC = 0.829 9
STARE  CFP g;-cl 9= ;)‘987 6,Se = 0.832 4,Sp = 0.993 8, Pre = 0.841 7,DSC = 0.837,10U =
bk (2020)  DRIVE crp ;\(;cj: 3.7917;)96, Se = 0.834 6, Sp = 0.983 6, Pre = 0.830 2, DSC = 0.832 4,
CHASE_DBI CFP Acc=0.973 6,AUROC = 0.985 9,DSC = 0.811 0
HRF CFP  Acc =0.976 1,AUROC = 0.985 2,DSC = 0.797 2
SR L STARE  CFP ggc =: %.986375 19 ,AUROC = 0.986 3,Se = 0.881 2,Sp = 0.978 1, Pre = 0.795 2,
EorE
e DRIVE CEP g;z =(())..98532 z ,AUROC = 0.983 0,Se = 0.829 4,Sp = 0.981 2, Pre = 0.839 7,
(2021a) Ace = 0.963 0, AUROC = 0.987 2, Se = 0.843 5,Sp = 0.978 3, Pre = 0.801 3,
CHASE_DBI CFP 7 "% P
Ace = 0.955 9, AUROC = 0.969 3,Se = 0.831 0,Sp = 0.973 0, Pre = 0.811 5,
HRE “P psc =081 1 '
STARE ~ CFP Acc=0.9653,AUROC = 0.985 7,Se = 0.782,Sp = 0.979 8
Jiang %A DRIVE CFP  Acc =0.959 3,AUROC = 0.958 0,Se = 0.712 1,Sp = 0.983 2
(2018) CHASE_DB1 CFP Acc =0.959 1,AUROC = 0.958 0,Se = 0.721 7,Sp = 0.977 0
HRF CFP  Acc =0.966 2,AUROC = 0.977 0,Se = 0.768 6,Sp = 0.982 6
Guo% A(2020)  DRIVE CFP  Acc=0.9542,AUROC = 0.977 2,Se = 0.828 3,Sp = 0.972 6,DSC = 0.821 5
Liskowski il DRIVE CFP  Acc =0.949 5,AUROC = 0.972 0,Se = 0.776 3,Sp = 0.976 8
Krawiec(2016) STARE CFP  Acc =0.956 6, AUROC = 0.978 5,Se = 0.786 7,Sp = 0.975 4
Laibacher 5 A DRIVE CFP  Acc =0.963 0,AUROC = 0.971 4,DSC = 0.809 1,Time = 6 ms
(2018) CHASE_DB1 CFP  Acc =0.970 3,AUROC = 0.966 6,DSC = 0.800 6, Time = 7 ms
DRIVE CFP  Acc =0.933,AUROC = 0.959,Sp = 0.955,Se = 0.786
XuZ¥ A (2016)
STARE ~ CFP Acc =0.920,AUROC = 0.959,Sp = 0.931,Se = 0.825
Meyer % A IOSTAR ~ CFP Acc =0.969 5,AUROC = 0.977 1,Se = 0.803 8,Sp = 0.980 1
(2008) RC-SLO  CFP Acc=0.9623,AUROC = 0.980 7,Se = 0.809 0,Sp = 0.979 4
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Table 6 Summary of performance of various vessels and airway segmentation in medical imaging based on deep learning

25 (=R7R Bnse T S EERRTE FR bR
Fan % A (2020) A TOF-MRA Acc=0.998 3,Se = 0.762 0,Sp = 0.999 3, Pre = 0.840 5,DSC = 0.794 1
Tetteh % A.(2020)  Synthetic ~ TOF-MRA DSC = 0.998 6, Pre = 0.998 4, Recall = 0.998 7
Eg% TOF MRA  TOF-MRA DSC = 0.866 8, Pre = 0.869 3, Recall = 0.864 4
Zhang %¥ A\ (2020a)  MIDAS21  TOF-MRA Acc=0.9757,Se =0.962 2,DSC = 0.974 7
Nazir 2 A (2020) A CTA  DSC=0.907 5,Pre = 0.895 6,HD = 5.01 mm
N“pﬁzﬁT%J‘ A CTA  Ace =0.9350,Se = 0.900 0,Sp = 0.970 0, Pre = 0.967 0, TNR = 0.906 0
RS XGa % A (2020) A CTA Lk
ik 531
Zhang % A (2019) A CTA  n[#ifk
Zhang 5§ A (2020b) A CTA  Acc=0.8500, ¥k
YunZEA(2019)  EXACT’09 CT  DSC=0.8997,FPR = 0.026,TD = 0.921 6,BD = 0.893 1
Zhou 5§ A (2021a) sl CT DSC =0.861 8,Pre = 94.89, TPR = 0.793 1,FPR = 0.005
Qin % A(2020) %zzgﬁg CT  DSC=0.9250,TPR = 0.936 0,FPR = 0.035,TD = 0.907,BD = 0.962 0
Zheng % A(2021)  EXACT’09 CT  Pre=0.9420,TD = 0.791 0,BD = 0.801 5
gfﬁﬁ?\ Qin % A(2019) A CT  DSC =0.902 0, Pre = 0.966 0, TPR = 0.847 0,FPR = 0.011 0
Nadeem 45 A (2021) A CT BD =0.9870
Selvan % A.(2020)  EXACT 09 CT  DSC=0.848 0,FPR = 0.078 0,TD = 0.819 0
Meng % A (2017) A CT  Se=0.796 0,FPR = 0.001,DSC = 0.866 0
Zhao %5 N\ (2019) A CT DSC =0.940 0
Wang A(2020)  LUNAI6 CT  Acc=09785,DSC=0.8750
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