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Semi-supervised dual-task cross-consistency constraint network for
3D cardiac MRI segmentation
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Abstract: Objective Three-dimensional (3D) image segmentation of human tissues, organs and lesion areas is projected
for computer-aided diagnosis and medical images-related 3D visualization. Thanks to the emerging deep learning tech-
nique, fully-supervised network models have been developing intensively in relevant to medical image segmentation tasks.

However, it is challenged for a large amount of annotated data and 3D image segmentation data-labeled is costly and ineffi-
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cient. Semi-supervised learning is focused on a small size of data-labeled and sufficient data-unlabeled in terms of easy
acquisition of unlabeled data, which can alleviate the cost and time-consuming problem of data labeling. Our research is
focused on new consistency regular method for semi-supervised 3D medical image segmentation model. To improve the
medical image segmentation effect, our model can use unlabeled data through the fusion of different consistency methods.
Method The network model is demonstrated on the V-Net, which can remove the residual structure of encoding and decod-
ing. To get efficient features of unlabeled data, the proposed shape-aware cross-consistency regular network is introduced
via the V-Net network structure extension on the basis of an encoder and two independent decoders-involved dual tasks
(shape-aware cross-consistency regular network based on dual tasks (SACC-Net) ), which are divided into a main decoder
a and an auxiliary decoder b. The output of encoder-shared is transmitted to the two decoders after noise disturbance. At
the same time, the two decoders can output the prediction results after each iteration. To increase the generalization and
anti-noise ability of the model, it can minimize the difference between the two parts of the results during the training pro-
cess. Additionally, the proportion of labeled samples in the training samples is extremely small because the feature distri-
butions between the pre-processed medical image samples are relatively similar. To improve the learning ability of the
model to segmented samples further, geometric prior information constraints are melted into the segmentation target. A
shape-aware regression layer is added at the end of each decoder as well. During the training phase, each decoder can out-
put two parts of the prediction results at the same time. That is, the total output of each iteration-after network consists of
four parts. It can be used to decode the segmentation map SA and the signed distance map output by the decoder A, and
the segmentation map SB and the signed distance map output by the decoder B through the dual-task consistency of each
decoding part. To enhance the model’ s ability and learn the effective features of segmentation targets to a greater extent,
constraints and cross constraints can be used to realize a consistent regular method that combines data-level and model-
level disturbances with multi-task mechanisms, and make better use of unlabeled data. Result Our algorithm is validated
on the MRI data set published in Atrium Segmentation Challenge held by MICCAI (Medical Image Computing and Com-
puter Assisted Intervention Society) in 2018. The experiment is divided into two test groups based on the amounts propor-
tion of labeled data. In the training set, 10% annotated data is used only in the experimental group, the Dice coefficient,
Jaccard index, HD (Hausdorff distance) distance, and average symmetric surface distance is reached to 88.01%,
78.89%, 8.19, and 2. 09 of each. In the other group, 20% annotated data of the experiments are used only. The median
Dice coefficient, Jaccard index, HD distance and average symmetric surface distance can be reached to 90. 14%,
82.11%, 6.57, and 1. 78 each as well. Furthermore, In respect of the shape perception method using the level set func-
tion for regression tasks, the Dice evaluation index can be improved by 0. 69 and 0. 60 in comparison with shape-aware
semi-supervised net (SASS Net) in 10% and 20% of the marked training results. Each improvement is reached to 1. 44%
and 0. 72% in terms of comparative results of dual-task consistency (DTC) trained with 10% and 20% labeled data. Con-
clusion The semi-supervised segmentation model (SACC-Net) is illustrated for the criteria optimization for both of the
region and boundary-based segmentation, which can incorporate the level-consistency of its data, model and task. The con-
strained method has its potential segmentation effect and generalization performance for semi-supervised methods.

Key words: medical imaging; semi-supervised learning; three-dimensional image segmentation; consistency regulariza-

tion; magnetic resonance imaging (MRI)
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Fig. 1 The structure diagram of the original network model of U-Net and V-Net ((a) U-Net; (b) V-Net)

1.2 EFFEENEFEGSE

2 W27 3] (semi-supervised learning, SSL)J 2
N TR EALI AT 55 . HETREE 2% 2] ik
TE BRI SRR A B ) R , - B 5 I TE AT B
AR B Z GO T T2 EUR o B rh UG T R4
ROR S Ry TR IR bR B A T2 B B2~ R o3
], — TSR EDUL R 5 R 45 AR bR T B A i A AR

B DRBREEIE el AR Y, FL P AR o 2
2] B A T B 1 T A 0k AR DR AR 2 1 S
1 (Bai %6,2017) . Chen %8 A (2021) i i Bt Ak R Fi sk
[P R (R AR S B SR 40 Ry O 2, 70 AR 25 1y e
R AT DA 2] IR AR A TN ZE SR . Rizve SN
(2021 ) BH Ak 3 AN 2 1 B (R 45 A ok, O SSLEH
HAEIOIbRSS . RS A iR & B 42 2

1201



1202

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 4,Apr. 2023

Jos th R AR PERE  (EATHL AR AR 2 AT 9K 25 A e
I DO s & [ R e oW VR o A P O RE DO B i e
>R FH AR T AR AR — R A A T A2 e s
EIG 8T . Zhang S A\ (2017) 42 H—Fh BTy 3L T
TREE XS BT 2% 4 B2 2 UG S BISRL ) FH e O 12380l
RTERE BB 0 B S5 TR SR 2 FAEIA L. R
Af, Miyato 25 A (2019) il Mittal 25 A (2021) #E— 4%
FAXSHCHENI SR B FH— B 20 R ke 58 SSL. - I, 8
i ff H 45 £ #% 3l °F- 3 (exponential moving average,
EMA) $#:4E , 76 V- 24 Z I 85 5 MT (Tarvainen 1 Val-
pola, 2017) s ity T BRI Z 40 —FtE . Yu SN
(2019) 9" Jie T MTHELARL, {f FIAE E PR 45 5 Hp R
RIZE FEATE B 20 B . 25 L LiAE A (2020)5]
AT — TP HAT TR 2 W B 235w, AR
TERSH R 230 i 1 St J LARTAR 290, Sl 1 eaXide
BrfR BRIRA o #E— 2B BB FAE 55 B — ik,

ARSI

(vl Ziv s

SR
gl

TR

(a) HpAZE—ZLPEIENE

Luo 55 A (2021a) ¥ 24T 55 HEAL T T 53 BRI KP4
PR IRNI , NTTTAEAT: 55 S0 it 1 — Bk
1.3 —ErEENE

— M 1E W 4K (Bachman 45 , 2014; Sajjadi 45 ,
2016; Bortsova 55, 2019) F1| F A AR 10 B B B 1) 11
B, X T2 A A BB N 320 A — By o]
(&1 2 (a) 2 7E B 43 HABE AU N X6 [a] — A Te b 1 £ i i
78U 3h 5 7 A B T AT — SovE i Ak & 2
(b)) 2 R 7] — A Tebm i A 1 U Y e 7 A 1% F50300
HEAT— P E A . — B E b I s py Al
TE i AT B Bl e 4 ok i B F5 L T A LB A [R] 19
PRI B 53 FIFO . 3% 2Ty B dd i dpe /MR JE ph 22
XK 28 Xof 4 368 R SN BOBCHE P 30 5 15 380 A T 2 ) Y 2
5, VRS A iz Abie 1 9B AL . 40, Ouali
AN (2020) % Hf [ REAE B E AT T 2 T 850 15 i 45
Vi, I 2y SRR H AN g 4351 T el

SR
HUE

pa il

=i

d
} ' il

FebriE R B4y

(b) Bz — LR IE N

K2 —EEE A RS

Fig. 2 Basic structure of consistency regularization

((a) single network consistency regularization; (b) double network consistency regularization )
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) 5 AT A EE A (Yu 55,2019 Li 5, 20205 Luo
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AR G TAL B 7 vk R T 4 o RS B iy
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TR &

FEASC T AR T WP X I 2R B 1A 7
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BHAL e 90° | 180°F1270°, ey A2 v, (1 i vt
BET 1 ARMEARAT A IR 75 DL 3 ) A A 5 A e 2 0y
FN G5 FARIPEAL | stride 13 BN A1 4 18 % 18 x
4o WA, R HAE R AE ] (non-maximum suppres-
sion, NMS)/EMJE b3, H LA L BRI B9 TC O X
3.3 TNERR

J T VAR A SCREE AL MERE BT T 4 A EL AR
7o) VT $8 b5, 40 FE Dice £ %X (Dice coefficient,
DSC) . Jaccard 8 % (Jaccard) .95% B Hausdorff 1 25
(95% Hausdorff distance, 95HD ) FlI -+ X B 2 T 15
15 (average surface distance, ASD) .

Dice Fl Jaccard J&3& T X 38 1) B B 46 b, AR E
Sy

2 X TP
DSC = S o+ FN + FP ®)
TP
Jac = G N+ TP )

i, TP(true positive)jﬂﬁm‘ﬁ SR ZE D R G
SUHVIE B 53 285 A2 0 B AR R B 5 FP (false
positive) A FHTE , BIG32E R 200 Bl o3 0S5 PR R i
TSR R S BH ; TN (true negative) iy ELIAME ,

TN IERA TSI SRR R UBCH ; FN (false nega-
tive) B M, R SCBR & T 220 B H1 A3 2 1 5
G = SECH

95HD 1 ASD H] T P4k #0245 2R 5 B AR % 2
[l A s . Bk SR

95HD = max(max(«/ T - P? )) x 0.95 (10)
B, = {\m e P, min(«/tlz +12° )|3,:2 e T}
B, = {VtZ E T,min(«/tlz + t22)|3t1 € P} an

ASD = mean {Bscg,Bg‘}

Kb, TRIRERZTF NI R, PR
B 2B DI A T 01 2 2 R AR 2R L e
JETP,R2ETT,
3.4 HERE55H
3.4.1 THRLSEE: 5500

[ER Y oAl U TR R R N 1 i S €
P2 il Bh A 25 5 SR, SEBR 25 R ANk 1 T .
U1 24T RS AT ARG A A R OB 55 i
HAXT AR (D_A+DT_A) %6 3 4470 & A Tt
iy A R B A 2% B LA A7 A5 45 35 SR XU 55 i
L (H R A R 2% A FI B 22 ] i 38 L — B 2y R
(9 % LA 8 (D_A+D_B+DT_A&B (T6 38 LT ) ) o
YN Fe b iy rT AL ZE R & 4, P 1 21700 5]
S22 i MRIYIZRFEAR 14 2 4E1T) 7 e X 1 i) EL 52
PR&E GT, FEA o S 2 it 25 I 064 T M 5 Bt 30 )5 o
B30 35 5 A dropout fi S % A 1 B, [A] i 75 2] 43 BT
5505 FIEL (58 3 .5 47) AR [NA AT 45 107 7 i

R1 16(20%) MREERL TAHHEBEEMRE R
Table 1 Test results of ablation experiments with 16 (20%) labels

X H 7 i FFM% Dice/% Jaccard/% 9SHD/MK 2 ASD/A 2
D_A+DT_A 3D U-Net 87.59 78.08 10.1 1.96
D_A+DT_A V-Net 88.69 79.99 8.24 2.22
D_A+D_B+ DT_A&B(JC32 LiTA) 3D U-Net 87.89 78.55 9.38 1.83
D_A+D_B+ DT_A&B(JEAZ LA ) V-Net 89.60 81.30 7.35 1.97
D_A+D_B+DT_A(JG3E X iTAi) 3D U-Net 88.35 79.27 9.25 1.88
D_A+D_B+DT_A(JEA A ) V-Net 89.47 81.12 8.85 2.00
D_A+D_B+DT_A&B (38 XITAf ) (A30) 3D U-Net 87.84 78.46 9.63 1.82
D_A+D_B+DT_A&B (3 AT ) (A 30) V-Net 90.14 82.17 6.62 1.83

T L P SRR 5 8 B A2 2R
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Fig. 4 2D segmentation results of the main encoder A and

auxiliary encoder B on the LA dataset

Yo 25 5 128 L —B e (A RhE 25 Rk 1
JIi7s o 221 I ) AT AR SO AL, B LA A% 2% A
B, H fift 1% & 2 R WAT: 55 fif 75 4% (D_A+D_B+
DT_A&B (A 28 AL ) ) o 56 447X FBE R 5 2 AN ]
ZAb R D T AR S — B R eR R (D_A+D_B+
DT_A&B(JE2E LA ) ), 26 6 47 4] LU AR 7Y 15 22 AN [F]
Z AL JEAL SR % A S BT 55 MR 2%, it B RA
43 BT 55 10 TG M 4T 55 (D_A+D_B+DT_A (638 X
WAG) ) o ISCIS S5 SR F |, AERE AR 55 5l A il
A RGBT, fEfRAE 2% R R 17 28 LA 55 — 3R
AT DLRE AR i B T W B A BB R 3R
TeAE R sl HLJE 38 ST 55 — S0ME 4k A 455 70 A
I, Dice #2TF T 1. 45%.
3.4.2  XFHLAzE

G 2 [) B B0 ) o e A SO kS
T T ) — S W B A )y P AT b, S R Ak 2
MBI PR N T RE T 1S e DL R st/ INE
R B 25 1, e R T T R 2P W O YA VA
WEE A PRIEAEAE YN ZREE T 0 | b, 7 LA B 46
HREHLR 2t S 22056 75 80 YRR A HL 43 5l %
B 8 (10%) A bR IEFEASFN 16 1~ (20% ) A bR i FEAS
P SEEG A, AR 5 T3 SUBGIE Jy A5 B I (E 45 5, 52
Y e AR A U 2R AR AR AT

R2 AXEBE10%ERENIIGER EERFFEERANESIILL

Table 2 The quantitative comparison between this model and the existing semi-supervised model on

the 10% labeled training results

PORE WiRS AARTE TehRiE Dice/% Jaccard/% 95HD/mm ASD/mm
V-Net(Milletari % ,2016) 8 (10%) 0 79.99 68.12 21.11 5.48
V-Net(Milletari 25 ,2016) 80 (4=F) 0 91.14 83.82 5.75 1.52
3D U-Net(Gigek %5,2016) 8 (10%) 0 62.12 58.34 36.56 5.21
3D U-Net(Gigek %5£,2016) 80 (4=3%K) 0 88.21 79.13 12.9 2.33
DAP (Zheng%,2019) 8 (10%) 72 81.89 71.23 15.81 3.8
UA-MT (Yu%%,2019) 8 (10%) 72 84.25 73.48 13.84 3.36
SASS Net (Li%,2020) 8 (10%) 72 87.32 77.72 9.62 2.55
LG-ER-MT(Hang %% , 2020) 8 (10%) 72 85.54 75.12 13.29 3.77
DUWM(Wang %5 ,2020) 8 (10%) 72 85.91 75.75 12.67 3.31
DTC (Luo % ,2021a) 8 (10%) 72 86.57 76.55 14.47 3.74
PPNet(Luo%,2021b) 8 (10%) 72 85.08 74.88 17.18 3.13
CVRL(You%,2022) 8 (10%) 72 87.72 78.29 9.34 2.23
SACC-Net(# ) 8 (10%) 72 88.01 78.89 8.19 2.09
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Table 3 The quantitative comparison between this model and the existing semi-supervised model on

the 20% labeled training results

XF LT AIRTE TobriE Dice/% Jaccard/% 95HD/mm ASD/mm
V-Net(Milletari % ,2016) 16 (20%) 0 86.03 70.06 14.26 3.51
V-Net(Milletari 25 ,2016) 80 (4x7) 0 91.14 83.82 5.75 1.52
3D U-Net(Cigek %5,2016) 16 (20%) 0 66.74 61.09 37.42 4.43
3D U-Net(Cigek %5 ,2016) 80 (4=%F) 0 88.21 79.13 12.9 2.33
DAP (Zheng % ,2019) 16 (20%) 64 87.89 78.72 9.29 2.74
UA-MT(Yu%,2019) 16 (20%) 64 88.88 80.21 7.32 2.26
CCT(Ouali % ,2020) 16 (20%) 64 88.83 80.06 8.44 2.49
SASS Net (Li%,2020) 16 (20%) 64 89.54 81.24 8.24 2.20
LG-ER-MT (Hang % ,2020) 16 (20%) 64 89.62 81.31 7.16 2.06
DUWM (Wang %5 ,2020) 16 (20%) 64 89.65 81.35 7.04 2.03
DTC (Luo%,2021a) 16 (20%) 64 89.42 80.98 7.32 2.10
CVRL(You%§,2022) 16 (20%) 64 89.87 81.65 6.96 1.72
PPNet(Luo % ,2021b) 16 (20%) 64 89.58 81.71 10.24 2.19
MT-HU-HS (Li%§,2021) 16 (20%) 64 90.04 81.98 6.93 2.18
SACC-Net (43) 16 (20%) 64 90.14 82.17 6.62 1.83

T L RS S e LA R

A SO A (9 T 3D AL 43 30 0 32 7 0 2%
FFHELE 3D U-Net F1 V-Net 43545 T AH 07 6 18 f o
LS5 (D3R 1) LKAl AN (] B f81) %) s 3 8 1) 5
WEXT S IG (DL R 2 FN 6 3) o 2 1 AY T fil S 56 B 4
FEW, LA 2 B B S B R RABE Y V-Net 9 25 #E
A TR DU T A R AR SR HRRE T, DA AR AL
TR 2 R 3 AY 3o N 4% SE IR AL HR IR A | 7F
AT AR W T IS L T, V-Net X > A7 b
TEREA 43 B B 2 B T 3D U-Net, KA SCH X6}
P S50 1) 31 P 28 HEZL 1346 1] V-Net.,

LA 5 HA T A e, AR SO e T A 1
flifabr LAERIUS T e i sf o, L HOR AR T i
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AUAE FH 10% F1 20% A3 A5 FEAS H AN H T AR R
AP HEE Ty 15 V-Net #H HE , A S 276 (5 FH AR [R) 22
A PR FEA RIS G0 SN JEhR I FEA S 7 Dice
PRI bR 2 B4R T T 8. 02% (10% A Fr i1 ) Ml
4. 11%(20% A brid: ) , W BH AR SC5 164 Jo bR 4 B2 2%
AR RN T HE R AR R

WAL, 755 [RREAL FH KP4 R G A T 1 A AT 55
(AT RN i 6 v, AR SCOT ¥R 19 Dice PR F5

B, 76 10% A1 20% A3 b TE B I R4S R 1 HTEE SASS
Net (shape-aware semi-supervised net) 73 %) $2 F+ T
0. 69% F10. 60% , #H k. DTC ( dual-task consistency )73
BIERTET 1. 44% F10. 72%. X L X L L5, 78
Hoply 3PP FE bR b AR SO oA LT 3 SR 2
Fchf o YA SO A BRI S R 55 (W] 41 50
FH R 028 SC— AU T 20 LA SE 38 29 SRR AR
PR B s 3 12 W R A R b fil
KA bR B2 5 S AR A O A BRI R4 T S
HHIMEH

AT VE S I LR e 7t 50 H) D7 1229 3D F1 2D 3
H 25 R AT AL X e an 1B 5 s, DS B0 A 3
LA B4 45 wh 32 4 09 B0 SE AR 2 L UA-MIT (Yu 55
2019) ,SASS Net (Li 4% ,2020) .DTC (Luo % ,2021a)
DL RA T SACC-Net, 7] LLE WA 3, 7000 4R
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IR E Z 4075, JUHGR AR AR St
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Fig.5 Comparison of the 3D and 2D segmentation results of the semi-supervised model on the LA dataset
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