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Left Ventricular Myocardium Segmentation Method of Cardiac Cine-MRI Based on Optical
Flow and Semantic Feature Fusion

YAN Jing-Rui, YAO Fa-Zhan, WANG Li-Hui

(Key Laboratory of Intelligent Medical Image Analysis and Precise Diagnosis of Guizhou Province, College of Computer Science and
Technology, Guizhou University, Guiyang 550025, China)

Abstract: In magnetic resonance imaging (MRI) of living hearts, the edges of the left ventricular endocardium and
myocardium are blurred due to movement, which results-in inaccurate segmentation. To address this problem, we propose
a left ventricular myocardium segmentation model OSFNet of 4D cardiac Cine-MRI based on the optical flow field and
semantic feature fusion. The model includes theroptical flow field calculation and semantic segmentation network, where
the motion features calculated by the optical flow field are fused with the semantic features of images to achieve the
optimal segmentation effect through network learning. The model employs the encoder-decoder architecture, and the
proposed multi-receptive field module with average pooling is used to extract multi-scale semantic features and reduce
feature losses. The decoder uses the multi-path up-sampling method and skip connections to ensure that semantic features
are effectively restored. Then, the open dataset ACDC is applied to train and test the model, and the proposed model is
compared with DenseNet and U-Net by the experiments of the left ventricular endocardium segmentation and the left
ventricular endocardium and myocardium segmentation. Experimental results indicate that OSFNet achieves the best
performance in several indicators such as Dice and HD.

Key words: cardiac Cine-MRI; optical flow field; deep learning; feature fusion; semantic segmentation

O FETH: H K HRFHEEES (62161004); FVEZICEIH (N.41400TC); StMA BHLTHRI (ZK[2021] Key 002)
WA ] 2021-12-22; A& B TA]: 2022-01-29; K FHIS [A]: 2022-02-15; csa 7E£R Hi RIS [A]: 2022-06-07

368 Tf 75 JF X Research and Development

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/8697.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.008697
http://www.c-s-a.org.cn

20224F #5314 9

http://www.c-s-a.org.cn

i H AR SN A

ST, A LR 1 BUE 5 A7 9 3t 32 5 T 3 A
i, FLA AR TR 0 0 R R AR AR
(Cine-MRI) f& —F I 2 A S 2 AR A, )32 1
T R I, ZE RIS T b, 3L45 A 5
Lo E Cine-MRI PR 4 1§ 2 i) B 1. 7E0 B Cine-
MRI [, b1 % SR e BE AR 5, L% B oAl
P48 VR 75 Y AL, % B 47 5 T 43 e P
K. HURT, R Cine-MRI R 58 #1173 et T % b 12 i
GRS ATIIREE N (T S e g

B L SELE AR, [ Y SMIEL T KR i
I 2 B A B AL G4 85 5 A T i )
IR 6 1 S0 X S 47 4 1, SV R
YA KR 0T B £ 5 30 KO0 58 A, 76— e
S LU E AR 1R 0 FE R e 1 B OB
SRR, VR 2 S H ARV R, R FE 220 07 41
FLIE 2 R S BTNV 2005 %, Long %8 A 42
th T A B2 P4 FIBDH (FON), JLE T %
BURIAR 7 J22 U O R R e, S T PEMRA 3 03 FEO
43 . T U-Net™ 154 4 th 26 4% )RR L S B s =
B, b 2 RBERHE, K T 4 5Tk A,
P U-Net /E N FERIHELE, U-Net++™ DL Kz H A i3k )
L5110 KA AR L, FFIAS T AP 5) 145 5. DeepLab
V3T QT PR R PR T 43 8 A PR AR R B,
HE— SR T TV SO B AT V. SRTT, (3
A ¥ PE RO e, 77 2 A B DR B 3 T 5 506 A
B, LR L ERONE (LV) 5001 (MYO) ik
S, K TN E B A BRI AR — 5 T F A

SR, BB R IUAT 73 H0 10 2 A5 BT Ji e LA KAt

1798, ARAMEAET R S EUSC B0 (5 L. A T AR DR —
ARSCHE T S 5 SRR A 4 9% (OSFNe),
PR AL ESE SRS A0 A N 25 5K (0 A0 15 15 2, TR
G Lo SURHIE SR BE (X3 A Lo UE MIRT PG A1 05

1 BRIk

ASCHE T ORI 518 SCRFIERLA 10 4y
B A 2 B HE AN A eI T SO I I8 Bh R AR
TR JE 26 R 4 22 X 4% R L I 335 SCHRRAE . T %o G i
HEAT VRN I A
1.1 ERIHTEEN OB IE RHE

Fei e T EG P SR F i BE R B R IE B 1 L, 4
A I T1 3 A5 3R 0 78 Ak R A AR M2 8] FA) R S P 1 2

ANELEEG Rz E B, B R, BRSO sN T issh
oy BIRBAE R BAE 55 . AR 4RO IE MRI BRI,
EH T O JUE 1) 7 5K A IS B 22 06 B R P g2, R E AT
Gy ENTT %, A REAERA I THS B O IR SRR R i 2. AR L
P HIEE K R N eI s B DR TR AL ) 73 B e
71, R 1E R B NP Wt BG s G =
RUEAT 4 s B IR0 R BRI B = R 30
AU BERE O AT RS HE N B, FEE S T R
g, U\T%iﬁ@,ﬁ\ﬁﬁﬁlziﬂﬁiéiﬂ%ﬁ. JH:, AR A
O IE AR BOG IEIE B REAE. e W R
Gunnar Farnebao‘k“g]\ Horn-Schunck!"®) 445 55 53 Al
FlowNet" 265 8 52 3 613 Horn-Schunck 5715 %
?Biﬁ“ﬁﬁ@%ﬁiﬁiﬂﬁgﬁﬁ, Jm R, RA
1EEBIA T A 22 MG IR R AR, 0 A HURIX — R4
A RT3 FIMESS. B, A 30 Horn-Schunck J6¥i

TEFRILC TS B RFAE.
Horn-Schunck Jtifti% 25 0t B sp E R %, AH <RI
25 AR AR A
I(x, y, t) = I(x+dx, y+dy, t+df) )
PRIk, S 20 AR 7 #2 T AR IR A
Vi-w+0d = Lu+1,y+1,=0 2)

o, = WONEEY, I, I, LVEBHE, u, vy
ARy T 5 38 BT DGR G IR A4 T
SRS 8 1 B A A ), Eﬁ@%ﬁ@ﬁiﬁ'ﬁ%ﬁé’ﬂﬁﬂﬁmﬂ
HREON AR T LIS Fi, Rt 451 0K o BOE ST

min E(u, v) = f f [(VI cw+0,0)% + A(|Vull* + ||Vv||2)] dxdy
3)
HR 4 WK -Fr i B H 772 (Euler-Lagrange equation)
THEE(u, v)iZ BRARAE 2548, WIS L T2
L(Lu+Iyv+1)—AAu=0
L(Lyu+1Iyv+1)—AAu=0

JS 4)
- Ga e
Forb, Adehr B R AR, vH SN Y o R
Au~u—u, Av=v—v, RN, AT LI IEAR
AN:
o L(Lat+ v+ 1)
S P 2
o L(La+ L 1) ®
e

Research and Development fJf 73 7 & 369

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F #5314 9

P&t A AR (5) AT SO AR IS BRI, 5
%1 BRI 7O i SR

S 1 OGRIERE AR g R

1) BEHCAHABIH 20 L BEF (2, B4 LR 7 K,
2) FIE AT FITE B U L umv=0;

3) LB, 1y, 1

4) IR RIHIER I () FHiu, v, w,v;

5) B 3) 25, HRBAUEEE] 100 ¥
6) HirHhIEE Yu, v.

1.2 KXRIHSIEXHFHER S 57 FIMLE

AR G 7 5 1 SR AR R B 73 1 0 2% T 22
Fh1 G ) 4 AT ) 245 1 948 20 F0 S DG AL T B L A 0 B
IBENRFAES ¢ 20 & 70 3R AN E SR B UZ 3

IBOR AR AIE, Rl T3 RE AIE 4 AR g 2 A 45 £ i e

Gt o E B — P RS OLTR IS B R IR O
BB SRS AE. 190 26 S50 fly 5 4> A UM AL,

3 8

L, L A 16

BBIFRE

L AR ZIE G

[ |
L) SR | 3

| SPHAL

e san

S ¢ I v

= e i ;J

oA R A UL B TR SRR . AR AL
(batch normalization) Al ReLU ¥i% A5, &L A/
9 3%3. W | i, SA AR SR ANl
2. JCTESRI B SR AE R R, e 225 45 N R 1%
RS 44 B8R A B 1 A, M LR
R (S B0 E K, SRR R, R 5
Rk % R, AN LB, AR T £
7 WF T 9 (LA 2 BN KR AR 43 A
BRUSNREEALAL G, F I3 A8 B 1 &
BRI 77 /M I B R T T e, e
33 ﬁ/J\B‘J%%;XD?Wt; 2 BRI 353 KN
B AU BRI TIREE, T3 3%3 A/ AL
3 G BE R R 6x6 HOTLALIR. 2ESKBRIIZeh, A

v SCIER 7x1 R 1xT (AR R B RS TxT7 B, 4N

W 2% 5 P2 1D [R] I RT DL/ P 28 2 8. 20 152 B 1 it
AT LUAT AR 2 RO SURFALE, Ji/b T RHIEZ 2R

2 o R
At

ff"_'l i ?7'6'_’-‘

2R TEST I ES J zmzmpgu]| Rev |
33 REBUE [ Softmax o s MR |
5 w
. » N M V 40 =
w'g * B 65 i SCRFAERR & 73 811 4%
’

FEMRERD AR I B, 70 4 i B 25 B 3 B AR
J R SCRFAE S5 R AT SRR, JF 6 AR et
—OPIRIURRE, TR R T 3 SRR AR, e K K 2 2R
BRI HRFAE R AT b, 48 Softmax JZ AT R R
2, DASEIL A EIH) B 1. =2 FRFEER AR X AN R RS
FIHl SRR AEBEAT MR, el 4 i 25 B0 — B BB AR
4 5 /I FRUBERFAIE JIT A F8 ) b SR BE B AR v, AP 1 B R
EERRITT AR T g B B A R R R R
fie, RArger R 1 BB AR AL, RS 85B Bob B

370 75 JF & Research and Development

HIERZHEH 333 BRI

2 BREIINZGS R
2.1 HIEE&E

AL A FH P B804 A vk 5 R 5 R e SR AR 1)
ACDC (automated cardiac diagnosis challenge) /A Jf-
W, B EE AT Cine MRIL 4R S E AL & /2 0
A 0 E &Pk K Y] (end diastole, ED) AU 4 A 1
(end systole, ES) E14, B/ MMAEHE #E X B A B & &K

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 9

http://www.c-s-a.org.cn

i H AR SN A

TR A EIFRRE. AR LE Je ik 1A A B4 70
VIR, Ak, BT RS A E AR EUR 3 B K
INEE—EE T, AT ITEM AT IIZR, X BUR AT
DR BITS R T 128128 7 FEER I B FF 2 AT K BEAE
A4k A AR A A S0 BRI — 3% 100 491001 MRI
B, DL 4:1 1 BB B0 B2 X140 Il SRR At 2.
22 LWEE

AT TensorFlow AEZE X AR T HE AT g il S EN.
St FRERL I 2524 batch size BWE N 8, WA I K %
B9 0.001, 57 > R 4 25 U1 ZRCH R 3 0328 T ek ),
SEEG epochs WE N 400, W 2545 FH BEALAES BT B &L
(SGD) XA BEATHLAL. ASCAE ] Dice Loss k%%
(R4 2% B B, T R %08 0.000 1 ) L2 IEMIALZTER
SRR,

AR LSS BT A T 4, 4fEH U-Net F1 Dense-
Net ARAERAL ., NG {U-Net-Flow. DenseNet-
Flow. ZASCHEH HPOSFNet LUK H Z:Bpobimiig it E A
% [ AZ BT AL 1K) Basenet X 2200 28 Y B 3EAT 40 1),
PABSIE GRS TH B T 0 AL A B VE AR (R s . K,
A Basenet Ay, 43 ) N 22 J8 52 B 1 35 il A0 A B
(Basenet-m), YT H AR (Basenet-Flow), 4351 F
F Basenet. Basenet-m 1 Basenet-Flow. OSFNet %74
Xof e 0 B N TS O WLEAT 43 1, B8R A SC T AN [
B A Rl
2.3 FHNERSEESH

A Dice %0 Hausdorff % (HD). Jaccard

FLME R H (JSC)s Fl-score sE B 73 #1452 Dice

RS — PG AL T B AR AR, A G T R
FEAR S HSEREAN) Dice i, LAV 27EI 2R, Dice %
B ST >
2|)|()|(+m|)i/|l & Dice= FP+§;£+ w ©
Horp, X RN SR, Y RN L3 FINREE, TP Row
TEZRAEATII Ay TE S ()35 55, FP 3R 5 A AT Ay
BB 3, FN 2o IR 2R FEA TN Oy 41 25 1 36 4
Dice iR T FE A 0] H & X I 5 JF H S X K &,
Dice fHBFEIT T 1, Z2 7 TN AN 3L S 2 (8] AHALL AR Ji2 6
K, AL G5 E 4 R

Fl-score ZF& % (Precision) 143 A% (Recall)
PRI 12y, ot FHORAET B 03 BIHS BE AR —, Fl-score

Dice (X,Y) =

TE M-
2 - Precision - Recall

F1- = 7
seore Precision + Recall )

TP
Precision = ———
recision = 0 ®)
TP
Recall = 9
TP+FN

B IRl N REE (Sensitivity), 7 B e, &8
9 FEHIREAR B RCRARAT; Fl-scope UK, 4145 S
. \

Hausdorff [ B %) 43 %13k FURUR BT UL w52 1 T
1R 53 HAT 5 1P, D 5 41 5 4 2 DL R P fry—
FlRE i, AR S I 7 VR 43 B AT L
Fi, HD 5 SUA:

H(X,Y)=max(h(X,Y),h(, X)) (10)
h(X,Y)= r)lgg)gﬁ{rynei;lllx—yll} (11)
mxx>=ﬁ§bg§w—nG (12)

$ooft, HOG )R U AL S A 2 01 1D
h(X, V)31 HD, x, yAEIRX, ¥ LI (14 s8R
FFE S50, D (i, 2R 4310

JSC R TIAT WRE A S g — Fh % B, 55
Dice 7N, & 5 e gt 1 36 LA ORI 2 75101,
JSC 5 AL R IFN TR M L
XNyl XNY|
XuYl [XI+]Y|-1XNY]

JSC i 5 N EE RS F AR — Bk, JSC H
K, 4y 5 H SR R

JSCX,Y) =

(13)

3 ST

ARG ) PA A o0 2 R T 4 B RO UL 1 7 T A0
G5 55 78 Bt 5 R R B R
3.1 ELERESBIERSH

K 2 N R i B O = RS B T AR 45 2R,
IO R0 B A AR R TN 45 1, SR F0 BT 2 B Skl AT BA
KIL, U-Net 7 845 K25 5 K 0 IR 70 RN 220 A
JEE, S BORR ER  RB HAR T 15 2. DenseNet 2344 5 /e 0
% A B K 5 AR AH A ) L R L3 1 HH ok, 3 Bl S A X
8. DenseNet-Flow E RN 1O K12 B RHE, {H X

Research and Development ff 7 7 & 371

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20224F #5314 9

R BRI AR T AN K. Basenet AHEL T DL EREAY, 43
FN 4 R BRI L SEARIE, M DGH 5 H) OSFNet,
DL A5 RIS,

U-Net

U-Net-
Flow

DenseNet

DenseNet-
Flow

Basenet

OSFNet

s s A [
bt [ bl -
* Nk o O

K2 ZbsmigeEasai R

N T E AR I A S AR O A BT SS B
PEREIR A, 7E Dice Al HD %545 4x 5% AR A R 4T X
b, % 1 AZAINEEIREE EXT ES #1 ED B ZIdE4T
Fe 2 N S EI 1) € B 45 K. U-Net fl DenseNet 7£
Dice f FAHZEA K, BAKR5 FIKE E — M, ES I 211
HD PRifEZEBOR, B2 FEMA VORI,
53 BIRG BEAG P ey HbR o 22 PR IS, 78 ED IR 20K 22 4

THCNMR, ATELE AR T e a, s 7R

X 7O B R BRARFAE 1) 5 ) . AR SCHR U OSFNet fe it
W oy B2 L B LB, AE 2 ANPROT ?EﬁT.t%%f)” M5, 18
ES 1 ED I %L, U-Net. DenseNet 1] Dice {512 H
T 2% 34, HARMEZE UK. Dice F1 HD #7%
WK 3 s, £ K 3(a) 4, U-Net-Flow Lt U-Net 158K
G, HU/E R4 5E, M DenseNet-Flow 55 DenseNet 316
R 72 7, IX ] e DR O AR IE S A6 i B ROR A7
TEZ N, Basenet-Flow [¥) ED I ZI| (18045 43 A w1, ~F
BIE R B A T v v, B AR BIRBCR B, A2 & 3(b)
1, DenseNet 8K 8K, U B RAR B o0 AR, BiR
AT E; FEIMAN T OG5, SRR E It I 2 1 5.
ARICTTIEW AL Bk T T DU, B s 7 A AR SE T,
A EHRZ.

372 W5 H K Research and Development

F# 1 ZAJTIEAE ES MED W %15 %
JE 2 A T TE BN EG
ES ED
Method Dice HD (mm) Dice HD (mm)
mean std mean std mean std mean std
DenseNet  0.894 0.061 11.186 7.641 0.932 0.05 9.688 5.327
DenseNet-Flow 0.901 0.069 7.158 6.310 0.945 0.042 6.262 4.582
U-Net 0.886 0.064 14.532 7.212 0.937 0.024 7.283 4.198

U-Net-Flow  0.896 0.048 10.942 5.781 0.942 0.025 7.491 3.60
Basenet 0.920 0.046 5.172 4.373 0.960 0.018 4.082 4.340
OSFNet 0.930 0.034 4.519 3.757 0.962 0.014 3.432 3.015

R S R A \ \
| -
5 i
1.0
A ot i @ a7
a® 09 H ? @* ?
S 08t .
07 + == U-Net [ Basenet
: * B U-Net-Flow =1 OSFNet
[ DenseNet Mean
[ DenseNet-Flow s Outliers
0.6 L L
LV-ES LV-ED
(a) Dice FE K
== U-Net [ Basenet
30 =1 U-Net-Flow =1 OSFNet
1 DenseNet Mean
[ DenseNet-Flow « Outliers
20 | L ;
Q -
T 3
10
| é
g Bs
|
El

LV-ES LV-ED

(b) HD 7KK
B3 ZANJELE ES FED I %143 822 0 Z 1 Dice 1
HD 5 7EE

T ES. ED I ZI 50 IE 56 R AR X T8 il 12
HH RIS 21 BE D, D9 1 #E— B A SO VE I RCR,
2 BRI T EEA I ZIAN [F) 7V 1) 3 A e 2
DenseNet il U-Net ] Dice 34 0.91, Eﬂﬂ)\j“ﬁﬁ%}ﬁ,
Dice. HD M JSC ¥4 frfe t, Horb HD 2712 %. U-
Net-Flow 7R BURE 5 iy, X Ui W HL BT 520 BIMEE BLm. A
X ITVEAE Dices HD+ JSC Fl Fl-score L #R I LT,
JEHIE Fl-score HIMIEHEUR, X Ui W] OSFNet A B4 .
Kl 4 723 2 HaRrAETZ B, Hrh DenseNet 11 DenseNet-

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 9

http://www.c-s-a.org.cn

i H AR SN A

Flow HIFETE BIAH bL AR5 1 DU 5347 2680 F DY 4 fir
LR AR K, 75 JSC fakr EIC N &, AP, Sensitivity
fetr FiR HIL T 2 B BHE. U-Net-Flow 7E Fl-score
fatr BV A2k 5 R DY o0 7 e AH PE Rz, H AP 3ME &
%, UBZ A B HE R A R AR E .l A Sy
4 RIS B EE A kg, P E AR A & v T
HAhTrvk, SRS, g8 b, ASCWsiss irika]
DUIR SR 2R () 43 18R
$2 AT A 2 R b

) HD ... ¥ GprU
Method  Dice JSC  Fl-score Sensitivity
(mm ™M) (s)
DenseNet 0.913 10.437 0.862  0.923 0919 921 233
DenseNet-
0923 6.71 0.871 0.923 0.915 923 278
Flow

U-Net 0.912 10.908 0.852  0.917 0.967 8.63 1.20

U-Net-
Flow
Basenet 0.94 4.627 0.888. 0.939  10.953 11.11 435
OSFNet 0.946 3.976" .0.900 | 0.946 0.955 11.60 4.65

0919 9.319 0.856 00916 0.971 8.34 1.43

VE: IV A 5 e DR

1.0 11
[ o 4 B :'I =
% ﬁﬂﬁ? qﬁg Mt % it
il T
o 0.8 % | |
2 ;
<
- .= UNet
= U-Net-Flow «
DenseNe
0.6 r : Dg:scN:Flow .
= Basenet
= OSFNet
Mean
+ Outliers
0.4 + +
Dice JSC Sensitivity ~ Fl-score

K4 ZATHRAEREAI 20 F w0 % 1€ BT
3.2 EOERRFCIBSEISERS

B 5 R 1 2= A AL IL 8 20 351 TR 45 2R,

P 47 S B S bR A M B B S RS
FURTBAEER], F R 02 Lo A 4 5 L A
SR IFLIML, DRt 25 T A7 7T (O A L2, 5

BEANTHE AR — B, T OSFNet B 7) F 45 FAH
BT HAl T3 30 G SR, X B A, e X
Il o5 AN R B, B T Basenet 73 5145 R A7 7 A
B, o 20t 75 28 5 AR TR BR AR L.

Ground
Truth ﬁ,
»
Basenet- & " f *
Flow s (s

Wiz ki
Bls s AL G AL 34

\
e

AL — PR TR 7 #IOR, EEmd R
% 3 fon, 5 Basenet AL, Basenet-m 7E.0IF ES B
R 2 BRE FE ST 3, AE BN T 2 B2 B 45
A JESRE T B 2 30 FURE, 345 43 I I 45 R S bR
Fric B 56 BT 5 4%k, Basenet-Flow ANY 4% 4 br Al
it T Basenet, H. Dice {8 5T Basenet-m. OSFNet {1 T
TN T Oiiin 2 Bz B~ it 78 ES I Z1 2444
br E# AR T s UE, P fE HD ﬁd:ﬁifﬂjﬁjjﬁﬂm
6. ¥ 7 5332 Dice i AHD ﬁﬁ’wfaﬂal £ 6
i, % T ED HT%!JE’J LAY, 7 i e i 4 AR 2
Tj( {8 BS H‘JL?‘J HoA 7 5 i 48 AL R IR AR B
OSFNet K, ?@%L)—Lﬁﬁ/iﬁ*ﬁﬁj\/\ﬁiﬁﬁﬂﬁxﬁ
I BTG 1R x T P EIE & 0o LS5 1, OSFNet 293 5
{&. 7 7 ', Basenet A bt T oAt 7 v FE Y 1K EEJS,
A, R RSP 3 B, BRI T 6 R 2 Oz B
SR AL IS, A5 RXT 0 7 REE R RO AR R A AL (17
HEPERETS B 1A I Tt

3 (£ ES M ED 2170 F /2 0 % AR L PR 48 b3S B

ES ED
Method LV MYO LV MYO
Dice HD (mm) Dice HD (mm) Dice HD (mm) Dice HD (mm)
Basenet 0.888 8.605 0.852 12.833 0.951 4.894 0.86 6.899
Basenet-Flow 0.929 4.196 0.889 7.350 0.954 3.282 0.877 5.242
Basenet-m 0.928 3.643 0.888 3.796 0.944 3.841 0.865 5.949
OSFNet 0.935 3.170 0.894 3.332 0.955 3.757 0.874 4.692

T IR AR B L.

Research and Development fiff 70 & 373

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

itHE RS MNHA http://www.c-s-a.org.cn 20224F #5313 H 9]

10 } _ _ [FIFE, S T PEAR B 2R A 4 B 220 19 29 S8 380R, AR S
. @
Y | LE SRR ﬁ' Ly e 220 1304 T 95, 45 R 4, HTHE T Basenet,
Sesl | e '*' OSFNet 1E Dice. HD FlJSC L34 B EH#TH. Hp
07 | [ ’ Basenet-Flow 7t 2 545 _ERI{E AL T Basenet-m, 1t ]
: mm Basenet-Flow Mean * . . — y N y =
P , 1B B R AIE 5 SUBRRAE () fib G BE R 1R S A 1) o B 1k
LV-ES  LV-ED  MYO-ES MYO-ED AE. BT O LXK 38 2 be N ARG B R, ELASFN, o bl
K6 ES il ED %1508 /00 % 0L Dice #iT% K B/, 3T R ELO LIRS B IR TR 700 5 A R
Al T 15, 10 H T 22 J8SZ BT P 350 AL 0 58 B K 11 B AR B
I Basenet-Flow
30 | [ Basenetm : ' &, T EA Basenet-m 753 §-G AL ERGUEHRA T 4L
. Outers . {E .87Ei%4XT}—LE/] WE, A I*TM%H@J
2207 OSFNet #4745 (B BE(E, % A 1545 19 1 D0 4 fr 2%
10 I SR 55 R ARHOBE BEELFCAB KL, 5 B 3 v
ﬁ é’ *i.l B I & ﬁ ﬁ é ﬁ AN AR R e PRI UT . T Basenet-Flow 1 Basenet-m
0 xS - N -
£ LV 1) 4 /l\i“affTLEl’\JEMz%%%‘MEL {H7E MYO -
LV-ES  LVED _ MYGMER MYQQ EP Basenet-m [LER &1, X AR B T 2 857 BT 7 34 b A0 X6t
K7 ESFIED Hﬂ“z%\%u& L= 0L WLl HD f7 Sy EIIE .
L A F4 FERM LIS L CL I AR S5 R R b
LV MYO
Method - — - —
Dice HD JSC Fl-score Sensitivity Dice HD JSC Fl-score Sensitivity
Basenct 0920 6750 0.866 0.928 0.931 0.856 9.866 0.754 0.856 0.863
Basenct-Flow 0.942 3739  0.897 0.945 0.951 0.883 6296  0.796 0.882 0.886
Basenet-m 0.936 3742 0.890 0.941 0.930 0.877 4873  0.784 0.877 0.904
OSFNet 0.945 3.464  0.901 0.948 0.948 0.884 4.012  0.806 0.890 0.886

I AR Oy S mE.

ol 7 Jt. 2, EE?‘?I)\T%’F& E‘]‘/ﬂzﬂc 4k, OSFNet
m%m%ﬁ%mﬁﬁjvl;ﬁ% %f%%ﬁﬁm%ﬁ S A8 2 43 1 SURFE, B,
5 08 | f L H }HHc E% % ZISI\TmHjE"J%%% Eﬁ?ﬁﬂﬁ%mﬁ%?%ﬁ&?%ﬁﬁﬂé
s - ) JRARFAE, T LA R0 A O, ELUG RS 8RO LG 52
06 | = B R, ST AR, IR T % S ST,
= oo %073 F RS T 6 T T 2 O, SRR T I
by PR, TR R0 S5 0 R TR 47 U D0 0 2 ke o
ATRE =18 % g ST AL
LV & E MYz &
S 3Rk
BI8 BN % o3 A o 5 Y REATLCO LI 52 A R 1 1 D0, DR, FIsa, 25, (2021 4F A [0 I R BT
FRERE ) M. P EFEFRAE, 2021, 36(11): 1041-1064.
doi: 10.3969/j.issn.1000-3614.2021.11.001
fhit SR 2%¢E@mgﬁﬁﬁﬁﬁﬁ%mm»£5ﬁu<¢E®
SR RRU, AU M N S E LR 08 e AR 6 2020) BER. o 0 L R
4 771 (OSFNet) ££ 43 # /0 % A AT O WL AE 5 2021, 19(7): 582-590.
BAMEEMN. 5l NGRS G, 1830 RHIERE 00O IE L 3 Kalisz KR, Ansari-Gilani K. Quantification in cardiovascular
PE I SCERRRE BEAT RN 78, SE A AT W2 52 ) Ho oy Elid MRI: A primer for radiology residents. RadioGraphics, 2020,

374 W5 H & Research and Development

© EREERREST  hup/iwww.c-s-a.org.en


http://dx.doi.org/10.3969/j.issn.1000-3614.2021.11.001
http://dx.doi.org/10.3969/j.issn.1000-3614.2021.11.001
http://www.c-s-a.org.cn

2022 4F #5314 H o

http://www.c-s-a.org.cn

i H AR SN A

1

1

4

W

oo}

0

—_

40(7): 1832-1833. [doi: 10.1148/rg.2020200035]

Okada T, Linguraru MG, Hori M, et al. Abdominal multi-
organ segmentation from CT images using conditional shape-
location and unsupervised intensity priors. Medical Image
Analysis, 2015, 26(1): 1-18. [doi: 10.1016/j.media.2015.06.0
09]

Aljabar P, Heckemann RA, Hammers A, et al. Multi-atlas
based segmentation of brain images: Atlas selection and its
effect on accuracy. Neurolmage, 2009, 46(3): 726—738. [doi:
10.1016/j.neuroimage.2009.02.018]

Long J, Shelhamer E, Darrell T. Fully convolutional
networks for semantic segmentation. Proceedings of 2015
IEEE Conference
Recognition. Boston: IEEE, 2015. 3431-3440.

Ronneberger O, Fischer P, Brox T. U-Net: Convolutional

on Computer Vision and Pattern

networks for biomedical image segmentation. Proceedings of
the 18th International Conference on Medical Image
Computing and Computer-assisted Intt;rvention. Munich:
Springer, 2015. 234-241.

Zhou ZW, Siddiquee MMR, Tajbakhsh N, ef al. UNet++: A
nested U-Net architecture for medical image segmentation.
Proceedings of the 4th International Workshop Deep
Learning in Medical Image Analysis and Multimodal
Learning for Clinical Decision Support. Granada: Springer,
2018. 3-11.

Huang HM, Lin LF, Tong RF, et al. UNet 3+: A full-scale
connected UNet for medical image segmentation.
Proceedings of 2020 IEEE International Conference on
Acoustics, Processing (ICASSP).
Barcelona: IEEE, 2020. 1055-1059.

Xiao X, Lian S, Luo ZM, et al. Weighted Res-UNet for high-

Speech and Signal

quality retina vessel segmentation. Proceedings of the 9th

International Conference on Information Technology in
Medicine and Education (ITME). Hangzhou: IEEE, 2018.
327-331. y °

Guan S, Khan AA, Sikdar S, et al. Fully dense UNet for 2-D
sparse photoacoustic tomography artifact removal. IEEE
Journal of Biomedical and Health Informatics, 2020, 24(2):

13

14

17

18

19

20

568-576. [doi: 10.1109/JBHI.2019.2912935]

Oktay O, Schlemper J, Folgoc LL, et al. Attention U-Net:
Learning where to look for the pancreas. arXiv: 1804.03999,
2018.

Wang ZY, Zou N, Shen DG, et al. Non-local U-Nets for
biomedical image segmentation. Proceedings of the AAAI
Artificial Intelligence, 2020, 34(4):
6315-6322. [doi: 10.1609/aaai.v34i04.6100]

Chen LC, Zhu YK, Papandreou G, et al. Encoder-decoder

with atrous separable convolution for semantic image

Conference on

segmentation. Proceedings of the 15th European Conference
on Computer Vision (ECCV). Munich: Springer, 2018.
833-851.,

Yan WJ, Wang YY, Li ZJ, et al. Left ventricle segmentation
ViaL optical-flow-net from short-axis Cine MRI: Preserving
the temporal coherence of cardiac motion. Proceedings of the
21st International Conference on Medical Image Computing
and Computer Assisted Intervention. Granada: Springer,
2018. 613-621.

WRAR, TRIE S0, TREAZ, 4. T BE UL T AR b 4 i 28 4 45
KB IBEDERAG . HEER, 2020: 1-12. [doi: 10.16
383/j.aas.c190716]

Brox T, Bregler C, Malik J. Large displacement optical flow.
Proceedings of 2009 IEEE Conference on Computer Vision
and Pattern Recognition. Miami: IEEE, 2009. 41-48.
Farnebick G. Two-frame motion . estjmation based on
polynomial expansion. Proceedings of'the-13th Scandinavian
Conference on Image Analysis“Halmstad: Springer, 2003.
363-370., :

Horn BKP; Schunck BG. Determining optical flow. Artificial
Intélligence, 1981, 17(1-3): 185-203. [doi: 10.1016/0004-3702
(81)90024-2]

Dosovitskiy A, Fischery P, Ilg E, et al. FlowNet: Learning
optical flow with convolutional networks. Proceedings of
2015 IEEE International Conference on Computer Vision.
Santiago: IEEE, 2015. 2758-2766.

(B e 7R ikdit)

Research and Development ff 78 & 375

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.1148/rg.2020200035
http://dx.doi.org/10.1016/j.media.2015.06.009
http://dx.doi.org/10.1016/j.media.2015.06.009
http://dx.doi.org/10.1016/j.neuroimage.2009.02.018
http://dx.doi.org/10.1109/JBHI.2019.2912935
http://dx.doi.org/10.1609/aaai.v34i04.6100
http://dx.doi.org/10.16383/j.aas.c190716
http://dx.doi.org/10.16383/j.aas.c190716
http://dx.doi.org/10.1016/0004-3702(81)90024-2
http://dx.doi.org/10.1016/0004-3702(81)90024-2
http://dx.doi.org/10.1148/rg.2020200035
http://dx.doi.org/10.1016/j.media.2015.06.009
http://dx.doi.org/10.1016/j.media.2015.06.009
http://dx.doi.org/10.1016/j.neuroimage.2009.02.018
http://dx.doi.org/10.1109/JBHI.2019.2912935
http://dx.doi.org/10.1609/aaai.v34i04.6100
http://dx.doi.org/10.16383/j.aas.c190716
http://dx.doi.org/10.16383/j.aas.c190716
http://dx.doi.org/10.1016/0004-3702(81)90024-2
http://dx.doi.org/10.1016/0004-3702(81)90024-2
http://dx.doi.org/10.1148/rg.2020200035
http://dx.doi.org/10.1016/j.media.2015.06.009
http://dx.doi.org/10.1016/j.media.2015.06.009
http://dx.doi.org/10.1016/j.neuroimage.2009.02.018
http://dx.doi.org/10.1148/rg.2020200035
http://dx.doi.org/10.1016/j.media.2015.06.009
http://dx.doi.org/10.1016/j.media.2015.06.009
http://dx.doi.org/10.1016/j.neuroimage.2009.02.018
http://dx.doi.org/10.1109/JBHI.2019.2912935
http://dx.doi.org/10.1609/aaai.v34i04.6100
http://dx.doi.org/10.16383/j.aas.c190716
http://dx.doi.org/10.16383/j.aas.c190716
http://dx.doi.org/10.1016/0004-3702(81)90024-2
http://dx.doi.org/10.1016/0004-3702(81)90024-2
http://dx.doi.org/10.1109/JBHI.2019.2912935
http://dx.doi.org/10.1609/aaai.v34i04.6100
http://dx.doi.org/10.16383/j.aas.c190716
http://dx.doi.org/10.16383/j.aas.c190716
http://dx.doi.org/10.1016/0004-3702(81)90024-2
http://dx.doi.org/10.1016/0004-3702(81)90024-2
http://www.c-s-a.org.cn

	1 模型方法
	1.1 光流场提取心脏运动特征
	1.2 光流场与语义特征融合分割网络

	2 模型的训练与评价
	2.1 数据集
	2.2 实验设置
	2.3 评价指标与定量分析

	3 实验分析
	3.1 左心室内膜分割结果分析
	3.2 左心室内膜和心肌的分割结果分析

	4 结论与展望

