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Left ventricular MRI segmentation based on nonzero level sets convexity
preserving algorithm

LI Ji'"**, LIU Aiwen'**, QIN Liu'?

(1. School of Mathematics and Statistics, Chongqing Technology and Business University, Chongqing 400067, China;
2. Chongqing Key Laboratory of Statistical Intelligent Computing and Monitoring, Chongqing Technology and Business University,
Chongging, 400067, China; 3. School of Information and Communication Engineering, University of Electronic Science and
Technology of China, Chengdu 611731, Sichuan, China)

Abstract: Accurate segmentation of the left ventricle in clinical applications requires maintaining a convex shape that encompasses
the left ventricle cavity, trabeculae, and papillary muscles. The nonzero level set convexity preserving model, a novel cardiac
magnetic resonance imaging segmentation model incorporating an enhanced distance regularization term and a nonzero level set
convexity preserving term is introduced. By leveraging the curvature of the level set contour, the model effectively promotes
convexity, ensuring the contour evolves into a convex shape. Evaluated on the ACDC MICCAI 2017 datasets, the model achieved a
mean Dice coefficient of 0.961 and 0.936 in end-diastole and end-systole phases, respectively, alongside a mean Hausdorff distance of
4.89 and 5.79. Notably, the model eliminates the need for manual annotation of training data and time-consuming learning processes,
while achieving segmentation accuracy and robustness comparable to deep learning-based left ventricle segmentation models.
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i A0 A PARIZ W AR T 1Y 1 B2 LR 43, O WEAZ B 4R iR ( magnetic resonance imaging, MRI) &%
TEW & —Fh iy EL AT 2 AR AR PE A D E AR B IEAG ik Y L fEDME MRI E 24T, 220 % 4
ST TR TAE, 20 &I BA LUT RAE . BGIES  i2 sh Y ; ZE RMGCR L FE v il TR AR
friz gl O EJFE Pz 20 B8 3 I W W22 B A5 AN AT 470 07 52 Ml 1T 7 A2 %) JRy i AR A4, s MRI 2 8 ' BO Al B
AR5 S B s BRI S M s /N LU O UR B & XSRS A0 & 5 HID R —A~ B Pk
A Y TR R

R4 [ A AR ZE 15 50, MRT 4381 25 2250 R DA LRy i 16 48 BRASE AL K SF SR AR (i
SYEDENCT T EFEI A E RS R AR 20 DL TR AR S Ay E R Y IR,
SETURBE 2 5 19 MRI 2 BN EL 732 B T0E MRI 23], Dong %2 L T — Rk T AR 2% ( fully
convolutional networks, FCN) Fl 0] ZF AR I 39 /2002 MRI H sl 233 05 ik Iz R H T —Fp L TR &
RS 22 2 TR BE 22 2] 28 45 G 5R 2 20 0 S A7 4351, [R] A AT AR TR AR ) s A X R o3 B 25
RIATHAL , AR AT 22 0 2 RE0043 % . Chartsias 252 8 Hy T —Fh L 006 2R — S0 e B 10 9878 25 18] 4 it
J7 AT O NE MR 438 1207 A b i R, v DAk 315 58 4 B 45 HR 24 (9P BE . Zhang %1
FEH T —Fh 2 ROE B FUK 58 1242 (convolutional long short-term memory, ConvLSTM ) #5#1  #E 470 L 43
E|_ F:T ResNet 56 CNN( residual network 56 convolutional neural network ) 5 Y- B U A JE 57 328 22 it A0
ZE AR AR B RN 40 PR AR ASRAE i i 2 )2 ConvLSTM A AT .0 L4 #], Du 2612 48 T3 F
Praksk 2 FR A 4 T HE Ak M 2% ( dilated residual and hybrid pyramid pooling network, DRHPPN ) £ i i) 24T
G5 URBE 2 S HEHE s s T il R LB 3 51 . AR SR R 3 A %A A IR 28 A A . SR FH W B Ak
PRSI B 1L RS B0 B 22 DARAE 67 5 B JE % 22 W 4% ( dilated residual network, DRN) {E A 451 $2 HUFN
125328 FARXT 43 50 DB AT 40 25 S0 5 74 TR A 4 57 35 i Ak X % (hybrid pyramid pooling network,
HPPN) HI T Ja 5 B 10 4 R 15 B R A, LA oK v i 330 ot st A UL, Xie 45070 2 1R 38 T 35 B 428 o 2%
( convolutional neural network , CNN) iU JULHPZR AN B8 3% 1 Bl /K46 A sh il i AL U AL G K440
R RR I A £6 48 S oK 42 R BOK 2 B 22 00 %, Tragakis 5577 #2 1 T 424 B Transformer ( fully
convolutional Transformer, FCT ) &7 | J& [ 24 5 43 B 405k 7 4~ R 42 % B Transformer 22 44 (8 A5 7Y
FCT #AIZ5E5 T CNN 78 EG 318 77 THI Y 23 2] fiE 71 Al Transformer 42 i A BRI B9 SR 35,
[ HAE A R o B SRS BE 2 B4 . Kato 25128 $2 1Y adaptive t-vMF ( tangent von Mises-Fisher ) 1Ll & %
B SR B A 3 t-vMF AUEE A 288 « 940K pR %R, B R adaptive t-vMF Dice loss, #i% i
SRR T FCT BAY 5, ) A7 ] 528 MR E iy BT 58348 0 ARARLE | 7 PRIE 2K TR b o TS T3 AR AH 4B
JE O BLURT LSS T 28 M i B 3& i YIZ5, { A adaptive t-vMF Dice loss ) FCT £%1 /£ ACDC MIC-
CAI 2017 JETELRHF T B S 5 =i 4940, UM 12 40388 HH 9 SOTA ( state-of -the-art ) £ 7 |

EUREE2E 2 05 AR L (8 KSR D7 i O 22O ST 0 B AT DU R LS o K B L K
FF-BhARiE £ Fh S IR AT CAN 322 ) W] LR A Bl A KSR HERR s Bk B AR R BN . KO AE R
A5 M TG R NI T X AR 2 FE TG /K P SRR L 507 i A 8 g 1 U Ak K
#E 1 1k ( distance regularized level set evolution, DRLSE ) #= A 2ACFMAR A 22 — . DRLSE A=A 7 7K -4 T4k
T AR e PN T b PR R KPR R B TE P | O HLK P B T A DR A S A R ke e/ IV B B B TE U AR T BB Y B
2 R IR BN A SE ] B A B s S AR R a1 28 1 AR50 AT DU R5GEE e /KT 4 bR B BT 0D iR ik, A
T T 5 i o e Ak 5 R BB 2% . Shi 2518 7E DRLSE #5AU f BL Rl 82 T — b0 JJE 4602 MRI 43
AR 7K -4 715 ( convexity preserving level set evolution, CPLSE) | iZARAY 5| AL I, K SE4E [ iEAT
PR, BARRER 200 B /NRERFL R UL & ik 2 (B R 2R AN TR 23 51 Y DX S B R 25 ) HLAE O I WA 4 A 10
B B2 RS B A, Kim 25048 H T ) BB 1 A /K S22 78 3 AN S5O I MRT YD H EXT2E A7 028 Fle
JULISE R TR A 70 P BB RTLCo MBS 1Y) [ 3h 4 B0 7% . Clecholewski ' 5 4 T — FlFI] FH RS Ak e 45 g ) 3T
GG BEC BRI AY AR Fe Vs sh SR S S R R B X Z il &, T AT LU A n K W4 T Ok
FRERAA, BB s B i %, BRr 5P R4, X $e 15 A I ik M s ke A shBLE . Wali 26
A J7 1a) 3 %47 7% (alternating direction method of multipliers, ADMM ) 188 28 ML B R [ | il K st /b
T DRLSE BRI AR T KA K PSR AR i 2500 48 HY 20 L) [X kP A5 8145 6 2 ( region-scal-
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able fitting, RSF)FAI  RSF AAIl F— 4~ B AT 0L pREIOK & SCEUIE P15 301, LA R Jay 38 30 1) 46 J86 7
NP G B, K 122 BE R T A LA TE Ak (4788 43 7K T 45 28 5 e 3 ] e 3 i 2R 1 Ak, RSF B 7 ] 4%
JRUBE ) Y J S DX sl P 1 BB A 6., 5 EL S 045 0 ) A% R 450 8 B S DX 3l A 2 £ B 6 45 EL A 08 1y o) [
GOIRFEARYS] ) Li 2512 P T —Ff =5 BF 282 (Tocal intensity clustering, LIC) (17K -4 J7 ¥ , REM% [A] i}
S EI GG T B , AT 5 3 1T LU K BEAS Y ST IE (8l 2542 15 ) . Wang 45" 5T RSF
PR 5E BT — ZR B0 Jey 3k ik B 40 A TERE R Y TAE

AR HT DRLSE A5 AT CPLSE A | 3 1+ eAeath I 2 1 I3 LA K £ ) 6 T Bk B S R A K
B2 U0 S 20 B RS A A Bk A B S L DI RGeS T K S R BB I AR AL, A T KP4 o
BORFEE B, [RIE AR SORE R AT RURIE O IE 220 %8 MRI 05045 4 5 J /NG FIEL Sk LT AR ™ B 1
KGR BI LS T SEIR A IR UE T AR AR R S P AR ARG B M R e

1 XTIk

1.1 DRLSE &%

DRLSE #5817 HLA (R4 7K 7 5 o 85000 0 1) P9 7 BE 7, EA 4G s (9 117 170 A1 7] ( forward and back-
ward, FAB) ¥ 00, 7T DACRIFHA SR 445 BE 25 pRESCE T, IR UE T 7K P-4 1 Ak A o 1 FHuK T4 R B
HPBOHA R HERTE, 4 TOARRIR 2 EREER, ¢ 0-R /KP4 DRLSE BRI RERZ pRE N

E(P)=uR(P)+AL(P)+aA(), (1)
Hrr, w>0, A>0 Fl a € Ry 5 —I0 R($) I ES IENIT, FHF ORAIEK 42 pRE 1 W 5 28 300 L( ) A
K, H TR R A AR ) 5 58 =30 A () A AL AR, HAE P2 T SRK - R A0 B P R T AR
DRLSE A5 74 o {14 B 25 1F ) 351 3 XU 345 ( double well potential, DWP) BREL, HrE o0

(21)2(1—c05(2ws)), sl <1,
mmzl“ (2)
?(s—l)z, s>1,
R B B TE U017 K
waéLmvw»mo (3)
ot T K BE TR TR0, 5 S S o BB
1
Ai
S sIve, « 1? )

Kb, G, Wiz o BIEIZ e 8, FIHE(4) FP AU G TP i AL B AR PG 7 U487
PR g BORRAELAE X Rt G 7 o b3l e (/N , T A DX B, I SR B ITURN T B 53 5]

L() 2 [ g8(¢)1Vo1Idr, (5)
A(o) 2 | gH(~¢)dx, (6)
ol H 6 4 HIFer Heaviside BRAIURN Dirac BRI, ESEBRNLI Y, H A1 & 3 i G BREL H, A1 5, 01, 4
B XN
]
—| 1+—+sin| — | |, Ixl<ege,
_ 2 & & ;
H()= e (7)
1, x>e,

1
{1+cos(m)} , lxl<e,
2e &

8,(x)= (8)

—_—

0, lxl>e,
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Horps, & H, S5
o RS 70 A B B U D7 s e/ MU RE Bz R (1), Hs A R

\%
v (4, (1V81) V) 115, (6)div g 01, | asd. (6 (9)
oo div(-) WIOEHETd, HEF(2) 7 X0
d(s) 2248 (10)

A
1.2 RSF &3
RSF 57" /e b HR B AN Y STPMG 5 i A5 38 RO 3, 7 RSF LA e pR% f, A f, R BLG K 4R
R IR PR A0 RS DX I P 8 RGO B 3k 5 | v A% R BSOR) FH RV 1) Jm 3 & A5 B R A B P44 B AN 3 5T
RSF HERIAE i x Ak BRI 0L 6 30 SR

e(d. i )= DA K(amy) () +£(x) PM(,)dy, (1)

o A IR WA FFIERRECM, (), My () XN M ((d)=H () ,M,(d)=1-H(¢) . K(-)EFRILELL,
HeA L SCRk[ 2]
G BEIFURIAT S IR XU, RSF AR AR5 (R E A BB 12 PR 7R N

E(b )= 0] KGoy) U £, M) dyw [ IVH(6(0) et [ (19600 1-1)a,

(12)
Hr v, w2 HE

2 A

2.1 ETKFEEL

2o U B RO DGR B 53, BAT IR 22 A5 K, BB — PP = S A AR B O LA, O L E O
1) 3 2L, BA A F0 i Fife T 05 5 B9 RE 1, AR H 8 A2 I ALK 58S 57 40 128 3] 4 B 2% B 7 1Y) i 2
ER . 1R T RO IR R R G b & T T OS5 s 5 8 . R 1 iR
Do, B AT S An s O, 20 EAET SRR FL S WL (LR WL O 2 N BE E AL 28 M R 5.0 E N
TR, AR o RO Z WA I AT AR SR SE AR AL G B Lk IV IR ) | T S €0 3 Sk DU [ A
EE, K1 JER T EE KA W] (end-diastolic, ED) FI4E A ] (end-systolic, ES) BBt 42003 MRI, Hip &
1(a) 4 ED B¢, 1(b) 4 ES BrBt, ED FlES BBy CME MRI 43 BI%F F0 52 o M RIpas 12 Wik & &
SO 7O B S AR RS

Ehdocardium Myoeardium
4 x

Endocardium l\/ml‘dium

/

CaVitylige Papillary muscle
(a) ED (b) ES

€1 %l MRI 7€ ED 1 ES Bi Bt R 7R ]
Fig.1 Short axis cine MRI view of one representative patent in ED and ES phases

FEZ K4 (nonzero level set) £E 57> FI SR BA 1 2200 51« B AL AT % 1) G R AN Al Ay, X
TAHUNFE AR A P 0 BAT G Al LA F 3 S R A [F) X R A 57 G AL e g MR BEf
RIGGIABI AR RSN AL 5 s AR R B RSk A

Cavity "sgRapillary muscle
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ARICHET DRLSE BERIFF5] A CPLSE 7Y H ) £ T X0, 45 45 A I g T DU - (o I AR 2K P S A /e
OESE, W 2(a) B Qe RPAEIGE I(x) :0-R BEE KRR, ¢, (x) :0-R HE LTEERBER 0 -
AR KP4 e B, RN

[x:, (x)=ki, (13)
Horb k AR R

0>k b=k

(a) AEFAKT4E (b) GT
K2 JEFARFEM GT RER
Fig.2 Nonzero level sets and GT
2.2 B EEE IE IR
KT8 R RS 1 U] 1 KO- i 2R 3 A N ZE A . DRLSE 5 401 11 RO i 5 s | H oy B 25 SRR
AR o A KPS 7 2 5 D01 3 R0 o 455 R B JI0ORE A, A SO T B SUBHE A (new double well potential ,
NDWP) Rk 2 H el B 25 1E W35, NDWP %SL?@

IV, 17(1- |v¢k|)+ (|v¢k|2—1) +—(|v¢k|2—1) IV, I <1,

pnew( IV, | )= 1 (14)
S5 (Ve 1-1)%, IV, 1>1,

i3k (14) AT ,NWDP £ 5/ME 1 Ve, | =0 F11Vp, | =1, B3R (10) A[45 NDWP B R d, (1 Ve, 1) K

(2V¢k_l>(vd)k_1)9 |V¢k|$1,
(IV, 1) {

1 (15)

d
IV, I>1,

IV,
OO R A R o3 R R

div( 21V, 1-1)(IVd, 1-1)V,), IV, I<1,
o, { o)
= ) 1
ot d1v((l—|v¢k|)quk), IV, I>1,
i
lim d, = lim d, =1, (17)
IVl —0 Fnew |y |—oo Prew
PR A 3]
lud, (Vo,)I<pu, (18)

it W B LE I NDWP 3§ HCR AT /KP4 pR 0T A0S i B JEE UL, B 1 DU T 7K - 5 PR 5K
AR E SR A FAE i/ MU RE R R R, 290K P-4 R AU BB AL b S AR Gk P SR TR Y BB i A .
1) %ﬂw)k I>Uif,d, (1V, 1)>0, MEIE T H, TS MG | Ve, HEAGE/N, (15 1V, 11,

2) é’. <|v¢k|<1 Wf,d, (1Ve, 1) <0, LB mYH, ¥ iR Vo, | BORBOR, EHAREZ 1V, 1 -1,

3) 21V, <—HT R IE 8, RO A5 1 Ve, | ORI T 1V, 150,

R, KP4 PR B AL S5 SR 18] Ve, | —1 BE |V, | —0 #EFT,
T NDWP 1t 1E W35 = A
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R, (b )=pdiv(d, (IV1)Vd,), (19)
2.3 EFAEEROIM
TENG AR A O E 22O 2558 H SERERIE . SR, 76 480 0E MRI 1, 2.0 B RDE | Ho 220 % A9 31
M EIZE R RS0 E N NS O RRNIE™ . B 2(b) 720 % MRI # 45 #IF5 i ( ground
truth, GT) ., W TFLRAE A0 W 0 UG R BEAF R R 22 55, ORI RGO B2 1047 40 51 5 i iR o3 1 81
%, Wik, 5IAFEZ AP ERN I HEA SR TH 2203 MRI 43 EDRERE , F R b g il R 2k X0 aT LS
FPRFE R B ¢ At R KB

(Vo
K—dlv(|vd)|jo (20)
W 3, iR AE k=0 MO E ™ TE k<O AL E M, 5] k>0
AR AT 5 pR%L (curvature sign indicator, CSI)
(1, k=0, . =2 k<0
S<K)_{0, k<0, (21) i

AT LA IR K T S T 7 S : K0

(o= | (1=sC))wH, (~d)dx.  (22) B3 R R

W Ak A A4 B 1k 3 o 4 i e ’ 25 A B R Fig.3 Illustration of curvature and convexity
k<O, P IE R ER AR A% 3, RN FE B R E o AR AR ORI A B T4 T2 HORS 8 2, OF S B I
PRI FH 22003 MR 435I BAR S5 R
2.4 AHEE

FEXF 202 MRI 431 AT R84 115 43 %I 0], BT DRLSE #8883 v (4 B J9URT T AR 30T 55 4 SCH il
TR AR IR I B g T DT, Ay s R T AR KR R SRR 9 200 % MRT 73 BIREAY By NCPLSE

(nonzero convexity preserving level set evolution ) 157 | HGE 72 pR-N

E(¢)=R,.(dy) +S(K>Lg(¢k)+s(K>Ag(¢k) +C(dy), (23)
Forp B —3500 2.2 5 B H A SO B T U, 5 U R B U T AR, £ DUy BT A B AR R
PRI
2(23) 1, k<O B, B0 P ST A R B ST TR AR, A D e I3 e 2 B AL N T 5 ke =0 I 00T H00 40
IEEE ORI T A4 B e 2458 IEEXS G B 1
NCPLSE #3955 i 75 8

Mﬁmmduwww%wwwwm% %j
ot Pnew k k ed Tk & IV, |

+as(k) 88, (b, ) #B(1-s(k) ) k8(P,) o (24)
HARE R ATT R N
o =i +AT (), (25)
Horp T () 523X 24) S5 A7 3B o0 6 AT BR2E70A% AE o, =y LB FHGEAL, Ar AR, A KK
P BE B B2 405 TS % k[ 7] o

3 LR

31 KRS

ASCAHH] ACDC MICCAI 20177 $idia 8 WAl NCPLSE #2843 Bk, ACDC Bdla it & 150 {7 4
B I S AN S A B 4 . B 5k B0 UL ( dilated cardiomyopathy, DCM) | AE JE LU (LI ( hyper-
trophic cardiomyopathy, HCM) |/U» IJURESE A4 7 3 351 1L 5344 24 2 ( myocardial infarction with altered left ventric-
ular ejection fraction, MINF)  £7.0>% 5% (abnormal right ventricle, ARV ) Ffl{f 5} (normal, NOR) 4, 1It4},
ACDC £Ha4E 40 7% 100 7 i 44 F8 8 2 B I 2R 8 Je WF e GT i1 50 47 Fes 44 58 35 21 sl ik B s 45 . NCPLSE
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BRI SR BT MATLAB 2022b (64 bit) 58 b, 15 17 1% %5 L # & Intel Core i7-13700KF, 4.1 GHz 11 5.1 GHz
CPU, 24 GB RAM V) 2 Windows 11(64 bit) ,
32 HEiEimiE

NCPLSE A SE D IR AT

Step 1 WIIARAAEFT AT A REL,

Step 2 i [f] RSF f: 50 (12) BEATT43)

Step 3 3T (24) HATIEZ KA HAL

RERZ R (24) BT RBLE W A=1, a=-2, B=3, n=0.2, B Ar=1, £=1.5, 0=0.8( 5 DRLSE
F1 CPLSE BRI +F—20)
3.3 iEMMERR

{ifi Fi Dice %k 2237 25 B 85 ( Hausdorff distance, HD) /2 /M 8473k i it fL3F4h NCPLSE #7643 %
PEfiE, Dice REGH T H TIPANBIRI S EIZE RS GT 0y —3k, HE
218SNGI
ISI+1GI’
Horfr 1 1 FR KB, SRR BIZ5 R, G /R GT., Dice REBUETEFA-T 0 F 1 Z ], Hr 1 RoR5E4
— 3,10 0 WFRR TR,

HD T LB A s S R UM s D RO RR 6 TIPS B R Ay HI 45 2 5 GT Z Il 2 B,
XA

DC(S,G)=

(26)

HD(S,G):max(masx(lbnig(d(a,b) )) ,Ibnitcl(mjg d(a,b))), (27)

Hrb d(a,b) FRAEER . HD MEATERAR RIS T BCRE B (9, Dice REGRAL T E 2 Ab 5, BALSY
HIZR S GT B HD BN, 7m0 EIRS BE B R
3.4 BELFESN

P 4 J€75 T NCPLSE #8173 ELOyJE e 0% MRI AU, o 18] 4 (a) HARFRE AR IR AL 4 2R | K]
4(b)—(2) H7EIL10,40,70 100,130 A1 160 YA S HIZER 4 (h) e b RAER . P 4 LR T4
TR R BB R AL B 28 1, e 2SO B 2 B, NCPLSE FERL ) 26 AU FR 90 T NCPLSE !
PRIHIL A

(a) Initialization (b) 10 iterations (c) 40 iterations (d) 70 iterations

(e) 100 iterations (f) 130 iterations (g) 160 iterations (h) Final result
B4 ZHARE
Fig.4 Evolution of the proposed model
el 5 J R T 45 ED Al ES B BRI /2.0 MRI 431455 424% DCM . HCM MINF ARV .NOR
41, R Bk NCPLSE #8731 7600 % MR HZALRE S . 15 1.2 471 7 .8 A5 J5UiR 1% ,3 4 F19.10
i @A B GT,5.6 111 12 A7 P 2L @A Ry FILE A . AT S nT RIS 2], MRT 38 1 BO Al B1
DA 2P B 0% MRI 15U A SO FI K AN 23X R Ze 0 3 3 HIA R 1 — E Bkl (HAS
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R /NG FLSKHURLC LAY RGO BEAR B, 25 2 5 BN AL Sk WL iR 20 380 O UL, i S B0 %
ORISR R BRI o AR, RV I X 46 52 Z kR, NCPLSE #5875 BE A% U 4 Al 188 14 70 1 45

ED
Original Ours GT Original

ES
GT

Ours

K5
Fig.5 Segmentation results in ED and ES phases for different pathologies
Il 6 JE7R T NCPLSE 5% A\ 72,005 MRI LIS (base ) F0R (apex ) #1143 #1455, 18 6 h, 1.2 17
JE IR EIE 3 4 FT P i ORI GT, 5.6 470425y NCPLSE #2813 RS54 6 Ji7R 1y 70 H 4 2

AR ERAE ED Al ES BB #)4h

54F T NCPLSE #5814y #) /20> % MRI ARV H F Rz ALEE

Original
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GT

Ours

K6 JEIRHLLIRE L MRV o #145
Fig.6 Segmentation results of LV from base to apex slice
# 1 JE7R T ACDC MICCAI 2017 dladlErfr, 10 i1 4% 5 3 O IE MRI S8 73 B 45 5 (19°F-24) Dice F1 HD,
T [ 4% S E ED Hl ES BrBctAa S 8~ 15 Wil&1{% , NCPLSE #AIFE 10 il [ 4% £ 20 i /A Bl gl 4
I ,ED F1 ES BBt iyF-#4 Dice 7 0.971 F10.955,°F-¥ HD 3 2.02 F12.22, 43#I45 R 5E T NCPLSE #2417
T AT SE B RNV AL 25 S BEAE/IME ARG 4R T IR LB ) 0 B PERE

# 1 ACDC MICCAI 2017 $uffi 5 1 b I 52 091 i 430 25 2
Table 1 Segmentation results for selected cases on ACDC MICCAI 2017 data sets

Mean Dice Mean HD
Patient
ED ES ED ES
1 0.971 0.949 2.055 2.976
2 0.969 0.959 2.256 1.931
3 0.976 0.954 1.747 3.256
4 0.970 0.960 2.610 2.511
5 0.961 0.960 2.664 2.286
6 0.978 0.967 1.138 1.543
7 0.970 0.964 2.038 2.038
8 0.970 0.949 1.973 1.919
9 0.966 0.942 2.068 2.354
10 0.974 0.948 1.677 1.398

K7 JE/R T ED F1 ES B BEAS [RDRG B2 19 43 #0125 2, B 48 i £ (best, B), 47 41 ( medium, M) Flfx 2=
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Fig.7 The typical examples of segmentation results with different accuracy performances
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Table 2 Mean Dice and HD in ED and ED phases
Dice
Model ED ES
DCM HCM MINF ARV NOR DCM HCM MINF ARV NOR
CPLSE 0.941 0.939  0.937 0.940 0.934 0.885 0.801 0.859  0.810  0.785
Zero LSE+new DR term 0.945  0.943 0.9422 0.943 0.938 0.905 0.820 0.879  0.830  0.806
Nonzero LSE+original DR term  0.950  0.945  0.947  0.952 0.949 0.919 0.856  0.891 0.844  0.836
NCPLSE 0.968 0.954 0.960 0.959 0.965 0.955 0.925 0938 0.926 0.924
HD
Model ED ES
DCM HCM MINF ARV NOR DCM HCM MINF ARV NOR
CPLSE 7.0 7.4 7.8 6.9 7.1 12.2 14.6 13.5 11.4 14.3
Zero LSE+new DR term 6.9 7.2 7.6 6.8 6.9 10.1 12.4 11.1 9.4 11.8
Nonzero LSE+original DR term 6.8 7.0 7.5 6.5 6.1 9.7 10.3 10.8 8.9 11.1
NCPLSE 5.7 54 5.7 4.1 43 5.7 53 74 5.0 54
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Table 3 Quantitative comparison of LV segmentation with state-of-the-art model

Mean Dice Mean HD

User ED ES ED ES
Isensee 25134 0.968 0.931 7.4 6.9
Khened 41 0.964 0.917 8.1 9.0
Zotti 253 0.957 0.905 6.6 8.7
Baumgartner 251" 0.963 0.911 6.5 9.2
Wolterink £ 0.961 0.918 7.5 9.6
Painchaud %" 0.961 0.911 6.1 8.3
Rohé %140 0.957 0.900 7.5 10.8
Patravali 254! 0.950 0.900 14.9 14.4
Grinias %1% 0.950 0.860 10.2 14.5
Shi’® 0.924 0.822 7.3 13.3
Yang'® 0.864 0.775 47.9 53.1
NCPLSE 0.961 0.936 4.9 5.8

T L A R 2 2R
4 BIUSFI A] AR E R LA

Table 4 Quantitative comparison of LV segmentation time-cost

User Processor No training Time/s
Isensee 25134 GPU X 1.00~2.00
Khened %5 GPU x 0.30
Zottj 21 GPU X 0.40
Baumgartner %" GPU X 1.10
Wolterink %53 GPU x 0.40
Painchaud %% GPU X 1.00
Roh¢ 4514 CPU X 6.00
Patravali %54 GPU x 0.30
Grinias 25 GPU x 1.00
Shi &8 CPU vV 3.00
Yang 4514 GPU x 5.00
NCPLSE CPU vV 0.68

TE LA ] CPU AR AL B s
#5 ACDC MICCAI 2017 7ELLHHATHS 760 %4535 HEATRS Top 6
Table 5 Top 6 results of Left ventricular scores on ACDC post-2017-MICCALI online leaderboardD

User Model Mean Dice Published time Processor
Kato %128 FCT 0.967 2023 GPU
Tragakis 25" FCT 0.959 2022 GPU
Rahman %1% MERIT 0.961 2023 GPU
Rahman 4514 MERIT-GCASCADE 0.961 2023 GPU

PVT-GCASCADE 0.959 2023 GPU
Zhou 25+ nnFormer 0.957 2022 GPU
Ours NCPLSE 0.951 - CPU

T I A A SRR ZE AR

[ 10 7~ T NCPLSE #£% 5 Ma 21V 4% 11 %) ALF(adaptive local fitting) #7% DRLSE 4% CPLSE #:
RILL S ADMM F 70 558 K S SRR RIS 4f Ak e MR A LU AR 25 21, 22T 3 A (R PEAG.OE MRI, ) 3 Fil
TEARIEA TSI Aokt e AR g dn b B ek . 1 10(a) J8om TR 3 FOR R4 BE 61 700 4
fLI} ,NCPLSE £:7 ADMM # % F1 CPLSE #5734 B8 A %0 73 Z2.0 %, 1] ALF H1 DRLSE #5078 45 1| 25 3 2%

@ https: / paperswithcode.com/sota/ medical-image-segmentation-on-automatic
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Fig.10 Segmentation results in different initial contours comparison with different methods
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