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A spatio-temporal multi-scale network for cardiac
dynamic MRI image segmentation

Xu Jiachen, Xiao Zhiyong "

School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China

Abstract: Objective The segmentation of cardiac dynamic magnetic resonance imaging (MRI) is essential to evaluate car-
diac functional parameters in clinical diagnosis. Based on the segmentation results, the qualified analysis can be obtained
the myocardial mass and thickness, ejection fraction, ventricular volume and other diagnostic indicators effectively. Cur-
rently, the method of heart segmentation is still limited to manual segmentation. This method is time-consuming and human
behavior-oriented. Therefore, the issue of automatic and accurate cardiac-MRI (CMRI) segmentation has been focused on.
However, due to the non-uniform magnetic field intensity, artifacts resulted blurred boundaries in the process of imaging.
Organs of different subjects vary greatly, especially the variable shape and size of the right ventricle, which tends to pro-

duce volume effect. In addition, dynamic magnetic resonance imaging is featured based on a small scale of short axis sec-
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tions with thick slice, which results in low short axis resolution and sparse information of the image. As the existing data
sets only including ground truth of dynamic MRI images at two sites in the end of systole and end of diastole, the existing
networks usually only take the images at these two sites as segmentation objects, which ignores the information of dynamic
MRI images timescale. Hence, automatic segmentation of dynamic cardiac MRI images is challenged of the issues of intra-
class uncertainty and inter-class imbalance. This illustration demonstrates a spatio-temporal multi-scale UNet that makes
use of time information to conduct feature enhancement and spatial information to get feature correction. Method First, a
new time-enhanced coding path is developed in order to fully obtain the time information of dynamic CMRI images, which
consists of two branches are those of the target frame branch and the key sequence branch. The target frame is the image to
be segmented, and the key sequence is the consistent time series containing the target frame. The key sequence is used to
obtain richer time features, while the target frame provides more accurate edge features. Due to the beating frequency of the
heart, the boundary information of the target organ would be in conflict with that of the time scaled images in the key
sequence, and the edge information extracted from the target frame could make up for this problem. It is worth noting that
the key sequence and target frame are cut or filled into 256 x 256 pixels due to the different sizes of images in the data set.
Simultaneously, this analysis also makes the same data enhancement for the target frame and the key sequence and random
affine changing and random rotation in order to extend the amount of data in the training set and improve the generalization
ability and robustness of the model. Meanwhile, in order to aggregate more beneficial features and better integrate edge
information and time features, this research illustrated a deformable global connection instead of the traditional long connec-
tion to provide more extensive multi-dimensional feature information for the decoding part of the network. Compared with the
original network which only transfers the results of the encoding layer to the decoding layer, the features of the deformable
global connection are the weighted sum of the global features. The deformable global connection is composed of the context
modeling part, the feature transformation part and the deformable convolutional layer part. The part of modeling algorithm
obtains the attention weight of the feature vector in the x-y plane, which represents the global context feature. The feature
transformation captures the dependencies between channels to reduce the optimization difficulty via layer normalization. The
deformable convolutional layer captures the geometry of the heart. In the process of decoding, the decoding layer can per-
form targeted aggregation to improve the compact and semantic consistency within the class based on the obtained weights.
At the end, the spatial directional field features are learned and the original segmentation results are calibrated by these fea-
tures. The spatial direction field, generated by ground truth, provides each pixel with a unique path from the boundary to
the central region. The orientation relationship is revealed amongst the pixels on the target organ. The feature of central
region is used to correct the segmentation map based on the requirement of spatial direction field. Result The online test
results of the Automated Cardiac Diagnosis Challenge ( ACDC) cardiac segmentation challenge illustrated that the average
dice for the segmentation of left ventricle, right ventricle and left ventricle in this research analyses were 95% , 91. 5% and
91% each, whichis2% , 1.5% and 2.5% higher than the initial network analysis. The average Hausdorff distance of the
segmentation results is 6. 77, 11.39 and 8. 54, respectively, which is 2. 22, 2. 07 and 3. 64 lower than the initial network.
Conclusion This demonstrated experiments show that the proposed network can improve the segmentation effect of target
organs effectively based on the spatio-temporal information of cardiac MRI images.

Key words: medical image; cardiac magnetic resonance imaging ( CMRI) ; feature enhancement; spatial directional field;
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( (a)structure diagram of deformable global attention connection; (b) overall structure of the algorithm)
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Xrh, F () RRBERIE RHE I &, p, RRRHIE
PR ENE, p, € R ZRERE P ITEN
B, w(p,) BAEBHREENE p, WAEE, I
C,(p, +p,) FREG C 15 (p, +p,) DLEMIIE,

WAk, B0 WERE A B T AR (e Bk 2l , HbRes
(1300 5 A B 2 B A o) () 1 28 1 7 AE AR A DA T
RO A AN ] B[] A B 1 B B b g, TR AE
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(R (A1 A i DR I ) B0, AR SCHE S 2o 7 v 34
T — £ X H AR €, AT AR I G A, R
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FRIE A R B B T A R RRAE T SR r
EHSREEE Y, A0 3 x 3 KNS B 0 RAF A7 e [
ENR={(-1,-1),(-1,0),-,(0,1),(1,
1) |, Het AR AE R AT DL A ROR

F(py) = X w(p,) xx(py +p,) (3)

pneR

L x(py +p,) FREE x TE(py +p,) N EIE,

[ 532 11 SR R 7 2R B ) T AR R R 8 R
7] R B I W U 1 R HE SR BB o, T A5 T 26 A3
b ot B AR T A — SRR A — AR RS S 5
MU B R L

FH P 2 ATLA Y M T3 M AR, T AR
TR I IO AR A | B L 0 46 1 ) i
AN 3] A AR B O LB RS S & | (475
AR5 R L RS | S 2 7 58 B SIT 130 B
BERAE BRSO 46 1 R TE e, AT AR T 6 AR i o 11
FHHE 205

Fo.(py) = Dw(p,) ~x(py +p, +Ap,) (4)

ppeR

K, Ap, € 6 FonTE p, (i BB AE WAL

(a) BTEEH
K2 e RS S R

Fig.2  Deformable convolution and standard convolution

(b) TRMRS b Y AT AR TR AR

( (a)standard convolution; ( b) deformable convolution)

FRRE S e 51 A R IR S F AR AR B
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F(py) = Fiy(po) + Fii(po) (5)
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(W AR 3 ed BRCET 5K AR ) es) O KG UE 1 %
(S

I F) H bR B Z 18] B AR X7 [ R TS
Hh T — BORAF B AR XA B S A AR
X3Z GC block ( global context block ) ( Cao %5,2019)
(R et T Al AR B 4 ey T R 0 i 4 R R R R
PE— 2R IR, LE X 48 7 A o D ) ok
PR AR R 42 Jm) R SCE R DT 1538 I 1 45
TR HER

A ARIE 4 R i B e A A & 1 (b) T
A R R SCHEBER 4y R AR AL ER 43 LA
T o2 AV

R SRR R 1 x 1 BT sigmoid
15 BRBCHR BBURRAE 1] 3 7E so-y 1 T A9 1 22 T AU, 2R
JE ¥ ZAUE S EUG A AR 2 2 /iy 1R SCRAIE, 4
TERFAG A S A 1 x 1 R w,, 5w, gk
Vel 0 1 ) P A, I ) J2 03— Ak R AR P A ufe
B, BT LLRAR R

exp(w,x;)

o = M) (6)
Z exp(w,x, )
m=1

N,
z, =%, + WyReLU(LN(w,, Y ax,))  (7)
j=1

K, N, RGN ERGE, i e [1,N,] , x, T
i MLE IR, 7, BRI o SRR T A
FEGE RS R R IAUE, LN FR)2A—

)i U AT AR T 46 BUZ i P00 IE R LT S
WS o, KRR RHAESE TS IRl G i 45
RAG RS2 P4 T AR IR I

55 TR PR 25 ASUASCH ) J2 1 5 SR A 45 A 23 A
Lt , WIS T 4 Rt B2 I R IE R 4 R RRAIE (8 JInASURT
T FRA A T A 1 8 P A 2 1T DUAR R AU A 74T
BERAG P N BB RS L —5E,
1.3 ZFEAFEBE

3% Cheng % A(2020) By )3 &, 0 T ik — 358
o 2% F0I (%) 235 SR ) S ] 2 S 1k 5 2R N AR BA M 42 i
T TN JE s 43S T [ st 00 00 X6F 7 194 2 ) 7 1 373
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WSR3 A — N HT AR R A p , R B H AR a8 B L A
I — 5 b, SRIEXF I & bp DL b 3 p BUBEES N
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X (8) AT LUAE th, = [y m g kg — R R
PEAL T Ml SR 1) o DX E— AR dE s T H
e E FERRSBRENITHLR,

FH—A a1 B 7 1 i ke 2 2] 23 18] 7 1] 3
R —A 1 x 1 G REA N, B n i Ak
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Rl x M2 B 7 oG &R, g — il Rk y iz
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DF(p) = (8)

(a) HELHRZEIA]

3 ELSARZE IR S I B4 25 6] D7 1] 3
Fig.3 Ground truth and spatial directional field

(b) X 823 ) J7 1137

((a)ground truth; (b)spatial directional field)
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o, A AL AR

Vp e 2,F(p) = F(p, + DF(p),,p, + DF(p),)
(9)
X, QFIRIA AT FAR R S, p, FRBER S p
(1« BlARAR, p, FOREER A p 1Yy HARSR, F(p) &
IRGIHEIE R IR R A p M, iz (9) FTLUAE H,
GZ 5 p BB IE G BOFRIEAE AR ) 300 B I %

JE MR R E,

/71
FHIERRIE 2y Il

ZE 771
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Fig.4 The process of feature correction
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R, | ¢, | FR Y HIRR I A (R 0N, N %
TRBTATRRA KL,

2 ERHERSWIR

2.1 ZIRHESHLE

1 ACDC ( Automated Cardiac Diagnosis Chal-
lenge ) ( Bernard 55,2018 ) H zl.0x JIE 43 E Bk &% £ B
£ B 4 75 [ Dijon K24 B BE R4 24 b 2 A
Sl e R RLE AT R . REEBE N B L5
FEARTF A MRI H1X: 1.5 T Wi 5 3.0 T #i.
BHE AL 150 A A A 1O A g SR AR
150 23 IBE o 5 AL, 4000k o 1) fE R Y
P 52) BRAEAT O U 28 1 75 BE A5 3) 97 sk B0 )L
AR 4) EERLL R SR ;5) AL =
SRR . B EEE B A OIS )
SHLEE MRIEUSR, LUK G b sk R 30 LA S 4
AR HLIHR BB, AR S B SR 2 2 th
P44 R BE A T-3h 25l . 3h2S MRI BHR ) =5 1)
SR N 1.37 ~ 1,68 mm® /R FE Z 18], I HhAH
BT 28 ~ 40 WRIEMRLLIL, 58 s /4 w10 Bk
JA 2 BHE SE K 100 44 35 8 3 R o A I
50 24 AR 43 AR I RAR 5 4 4% 4H
189 53 A G A5 AR ] 9 LT A 2 A1 i 1 4 1) 5 S s 25
{B, ASSCHTA SEEG 45 RAok A T ACDC HY'E T 7EZk
I3 75 (hitps : //acdc. creatis. insa-lyon. fr/) .

X ACDC BHBAESAT I WAL 3 . 1) A S X
SIS 8 r BUE R 1, PR DA Al 30 250 JIE MRI
RO P AR O AR AR ¢, 5 EF IR ¢, DLCH
B HEE 1M AL, 5 e, AR 3 4K
B 2) % 3 dEEUGIT  hittAT 2 4E00 7, B0k o,
¢, AR ATAS AU R-AE g E AR, 4 BR i)
WY €, B ¢, BFTE] SRR 0 U0 55 B ARITZH 1 0C
FERES, 3) RN 2R 9K B SR TR A2
AL BE Ty S e | A SCIa] s X b o 5 56 4k 51 A
AR TR) ) S e i, e 4 i 1) Oy =R BB AL 5 722 4k
SEENUIER, . 4) T8 4R b ER A RO 2% A AH
[5] , K BT B9 V) 7 4 B9 D) 5 BORR A 256 % 256 1R
o 5) X EGHATIH— 1R AE
2.2 ZHRRRESHIRE

LY AE A ER A Intel Core 17 ZFEEE 5 NVIDIA
GTX1080ti &K, Fifihifi 5 A python, TREE 7 T HESE

VEFHAY pytorch 1.4.0 BAS, AU B 46 16 )7 2
K pytorch FIERIARI G AL, AL 2R 2 T Adam 1k
R o WAL K 0. 001, AL E F IR N 1E -
5. M A FON BT 500k 64,128,256,
512,1 024,

2.3 iFHIERR

ARSI ACDC FELRIEAF- & 45 H I B RREH)
Bt 2 BEITAG ST UNet BIPERE,

XA PEHIBRE ST 318 Dice AHAUME 22 %X ( Dice
similarity coefficient, DSC) 5 ZZ3i £ K i % ( Haus-
dorff distance, HD) , H:H1 Dice AP R %L DSC
INTUNES RS H AR K W E S, HEAE(o,
V] 208, i HD REU#FE T B2 55 B s pr s
(i R ANV EE R . DSC g3k =l
2|y nP|

DSC = (15)
Y|+ |P|
HD B8Rk Xk
d, = max min(p,y)
Py peP ye¥Y (16)
d,, = max min(y.p)
HD = max| dm,,d”,} (17)

Krf, P 5 Y 53 Fn W25 R 5 B SARE KL, p oy
R TIN 2 R LSRR IR A R
2.4 HRERSCIE

HIRFEA SRR AT ATYE AT 4 270 S 5
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R 2 PR, LV FRALE RV EFRAODE,MY0 £
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Table 1 DSC contrast results of ablation experiment

. LV DSC RV DSC MYO DSC
o SPIRIIARI WedE AR EIRIORE  URAEIIRI EPIRIIRI kR

UNet 0.96 0.90 0.93 0. 87 0. 88 0. 89

UNet + Z5[A] J7 [ 0.96 0.92 0.94 0.88 0. 90 0.91

UNet + B[] 3458 + 25 [H] 7 [n] 3% 0.97 0.92 0.95 0. 89 0.90 0.91

ST UNet 0.97 0.93 0.94 0.89 0.90 0.92

TE L P R B R AR

2 HELSEIS HD WIXTLLER

Table 2 HD contrast results of ablation experiment

o LV HD RV HD MYO HD
SPORBIRIN  URZEBIRIN SRR W ERIRIBIRI IR
UNet 6.93 11. 04 12. 19 14.73 11. 06 13.29
UNet + Z[A] J7 [ 8.43 10. 09 11.36 13.74 9.94 11.01
UNet + HF A58 + 25 (8] 77 W] 45 6.99 8. 65 10. 83 13.25 8.52 8.03
ST UNet 5.52 8. 02 10. 50 12.29 8.24 8.84
T IR RR 51 e R4S
1.000 TS IO ] 14 538 s i e b5 P A8 I 4 Jmy i H2E 40 1 1) S 3
0.950 T ZERFTLAE IS B SE e 45 ] b 3 A BArds B
0900 : *F** {9 DICE i F1 HD BB 645 T 90 e 2, 45 45
2 0350 S VE] 6 53 025 P AT L B, ST UNet (15 #1145
0.800 . ’ mLVes TN BSLARES O WU B D E DR E S 0
0750 : sRve | AR TR SRR TR R
00 ; EMyOes | KRTCHNRH 3 A 1T SO B R A9 2

K15 ST UNet flli5 DSC A4 [A]
Fig.5 Test set DSC box diagram of ST UNet

TR I NV B T, LR A RIS PR AS B R ) ) R

SRR SRS [ 9] | 22 18], B Amds B B3 A B
A0 IEBk s & A T AR Ak, S R s ) S 1 R R
SEAHE 0P ZEM A X X — 7] B, FsF i) 358 5 2 5 B v
(1) B AR It i i A2 R T AR T A BRI BARAS B
7 ed B 215X es B ZIKE fE 0930 S5 B, 38 2o ] AR
& Ry B I i M5 B 5 3 & Wi E)£5 8 Al
B IR BCEIEAD AT, A5 0 45 A 0 A A v m]
DIARAEAUE A TA SO R A, 10 J5 T Aok e i
A5 B, NImiffde Hinds B 5 HAR#s B 20 Hings
B 5 S 2 R 2 )N TR IR 1 )

XFEE2E 1 F126 2 o ST UNet FSZEG 45 R AAEAG

AT

[ IR 1,2 2 5K 6 AT LA 4G UNet 7>
A o B SR A JC ST SR U H br A
B LA B BRI, i A Y
23 (6] J7 10 3 2555 B 1B, 321 SRR A IR 5 A BT ke
3 A Hnas B EIR BB A Brig gt (B2 KIH
NGRS EI G, e LR PR
TN AR R) 23 50, Hoor SIS EAT Tk — 22 i
TR EOIIERT 1 SC58 e 51 R A7 AR IR 1 5
REPE o P 2827 ST R Y BE T, A5 2% B 0 BIRCR
IR I 97 BIRCRAREL TR, 10 5 F-
B W AR R B G (EE T e e 51 b AN Al
R T B PR A i B A 340 % o 5 [ A, I e )
ISR GBI T R RIREOL, INA 4 )R
TE RS RRR B R B AR 42 )5 5 R Ah
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(a) HELhREAE

(b) ST UNet

(¢) UNet-+is )3 sm 2 it

(d) UNet+Z [H] 77 1] 3 (e) UNet

+25 (W) 7710

K6 ALY 7 R 245 2R

Fig.6 Segmentation results of different models( (a) ground truth; (b) ST UNet;

(c¢)UNet + time branch + spatial directional field; (d) UNet + spatial directional field; (e) UNet)

T AP A 1k 0 2 A [R) AL, AT 68 A5 43 ) 45 R 5
BT HAFRIRCR , N BARAS
2.5 5HMEEMITL

ANFEFEEX s R 3 ik 4 froas, Hep
Liu 48 A (2020 ) J2& F| F 5% 22 W 45 5 X242 9 4%
AL PR (1 3 425 A RFAIE . Painchaud 58 A
(2019) EFEXTHUE S 5 4% (aVAE) N T — 4
WIEROIEIEZAS . Sun 58 A (2020) f H Z0OE it
e 2k O BE B9 2 S BRI, Simantiris Al Tziritas
(2020) $2H TR R 6 AL 28 1 SO P R

PRIEL,

M3 R4 LB, A CHE DM DSC 5
HD {E#REEAR T HoA Iy 75, 33X 2 P 3 B B30 vA AR A
LA A 0 55 7 5 A I %) BRI 2% 1) D1
RN G, AT O WERR AT L I ) e 5 A B, T
HD B 119 B AT A A 1 227 ) 25 0] 0 1) ok 8 1
HAE AT R A OB MRI ER )
A B R MEA TRRIESY 5 , PR FH 2 8] 7 1) S 4 B
(2 [l A 8ok I 47 R AE 7 1E /9 5 35 & mT AT Y,
# 1k 2020 4 12 H 7 H, 5 ACDC HEF7 8% L i 5 3k

#x3 FREAEER DSC b4 R

Table 3 DSC comparison results of different algorithms

- LV DSC RV DSC MYO DSC

e PRI MR T SRR IR P EFIRIRE Wk P
Liu % A (2020) 0.95 0.87 0.920  0.92 0.86  0.890  0.86 0.87  0.870
Painchaud % A (2019) 0.96 0.91  0.935  0.93 0.88  0.910  0.88 0.90  0.890
Sun 4§ A (2020) - - 0.938 - - 0.914 - - 0.887
Simantiris Fl Tziritas(2020)  0.96 0.93  0.945  0.94 0.89  0.915  0.89 0.90  0.895
ST UNet 0.97 0.93  0.950 0.94 0.89  0.915  0.90 0.92  0.910

T = " RN SO AEE I ARG AR BRI RN BB B AL 45 R
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Table 4 HD comparison results of different algorithms

- LV HD RV HD MYO HD
e SR MR P EPTRIBORIN WE IR Ty AR TRIBIRIN IR Py
Liu % A (2020) 11.91 15.78  13.85  17.90 2472 21.30  19.18 20.69  19.93
Painchaud %5 A (2019) 6. 15 8.29 7.22 13.72 1332 13.52  8.65 9. 60 8.83
Sun % A (2020) - - - - - - - - -
Simantiris il Tziritas(2020) 6. 40 7. 60 7.00  13.30 14.40  13.85  8.30 9. 60 8.95
ST UNet 5.52 8.02 6.77  10.50 12.29  11.39  8.24 8.84 8.54

TE =" ORI SOR RS ARG RN R, L AR R B8 B A4 R

XFH, ST UNet 19 3 > Hbr#e B 1JF4) DSC 5-F1
HD {23 91553 T 92. 5% 5 8.90 mm YRS, {LIK
FH 14,

3 & it

B0 R R 2R 15 B 304 BRI S IR E
RO A5 ) 1, A SCHE B T A I B )45 Bk iE AT
FEOESG SR, 3 25 [R5 BOoR #E 17T R AR AT IE /Y ST
UNet, ST UNet 1) FEZHESMT . 1) A THAR
B AR SOK T B ENG 3 A ERAE S B AR R
H b i) 12 252 B[] 7 80 A Sy OG5 1 471 — ik i AL XA
%, 2) RSB T 51 2% 2 5 28 N FRAE , B
RIS TR B A2 2] H AR L B AR 1 3 A5 . il
1o G AR 5 T ARIE 4 R 1 R T RN W T
G o 3) MEFANE ) 25 B 07 M A5 B IR 242
S22 0] 7 1) S 6 S R TN 285 SR A TR IE . S
GEILRIARECT HABSE I, ST UNet BEUZFS 2T R
FEUER) oy FIEE 5 2528 B 1o FORS B UGS T 17,

JUEAR SO RIS T — k(R IB A e
T T A AT AR B0 1 3 0 A5 SR A ok 2 T AT TR A R
W2y BRI A, B AR B HE I
JaARFRAR N JE R DRSO E L2 RIE AR, A
M3 B E 5T RIS, 58 TR
B XX — [l R T
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