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Abstract: Objective Medical image segmentation has great potential for application in clinical diagnosis. Although super-
vised medical image segmentation models can achieve good segmentation results, they rely heavily on pixel-level annotated
training data. However, acquiring labeled data is costly and can only be performed by experts. In particular, in the case of
3D medical datasets, the annotation process is more intricate and time-consuming than in 2D datasets. Semi-supervised
learning is an effective solution that combines labeled and unlabeled data for improved segmentation results. However,
existing semi-supervised methods do not address the performance impact caused by the distribution gap between labeled
and unlabeled data, especially when the proportion of labeled data is low. Method A distribution-aware mean teacher net-
work (DAMTN) is proposed for semi-supervised medical image segmentation to reduce the performance impact caused by
the distribution gap between labeled and unlabeled data. This method utilizes the distribution information of both labeled
and unlabeled data to guide the learning of the model, aiming to ensure that the segmentation results of labeled and unla-
beled data have similar distributions during the training phase. The DAMTN adopts a teacher-student architecture, consist-
ing of a teacher model and a student model. In addition, both the teacher model and the student model’ s network architec-
tures are based on the V-Net design, which includes an encoder and three decoders. The residual connections between the
encoder and decoder have been removed. The decoders are differentiated by embedding different attention modules, which
are used to introduce perturbations at the model level. These attention methods, including cross-sampling mutual attention
(CMA), position attention (PA), and channel attention (CA), are employed to process high-level features. The CMA is
used for inter-sample feature interaction and alignment, the PA is employed to handle spatial position information in the fea-
ture maps, the CA is utilized to address channel correlations in the feature maps, and the DAMTN comprises three key
modules: the distribution-aware (DA) module, integrity supervision (IS), and uncertainty minimization (UM) module.

These three modules compute the losses for the outputs of the student model, and the outputs of the teacher model are used
to calculate the consistency loss with the corresponding outputs of the student model. The DA module encourages the model
to learn features when the distribution information from labeled and unlabeled data is similar. Each decoder branch is
equipped with a dual normalization block consisting of two normalization layers (B, and B,) to obtain the distribution infor-
mation of labeled and unlabeled data. B, handles the unlabeled data, whereas B, handles the labeled data. The IS module
supervises the predicted mean of the branches and encourages the model to focus on challenging regions, further reducing
the differences between branches. The UM module aims to balance the uncertainty of different attention branches, thereby
making the predictions of all branches more consistent and improving the model’s confidence. The student model incorpo-
rates an IS module and a UM module during the training phase to improve the segmentation results, thereby ensuring the
consistency and accuracy of the outputs from the three decoders. During the testing phase, the student model takes the
average output of the three decoders as its final output. In addition, the parameters of the student model are updated by the
optimizer, whereas the parameters of the teacher model are updated using the exponential moving average. Result Experi-
ments were conducted on the Medical Image Computing and Computer Assisted Intervention Society 2018 (MICCAI 2018)—
Left Atrial Segmentation Challenge (LA) dataset and the Pancreas CT dataset. In the experiment with 10% labeled data for
left atrium segmentation, the Dice coefficient, Jaccard index, Hausdorff distance (HD) , and average surface distance
(ASD) were 88.55%, 79.62%, 9.07, and 3.08, respectively. In the experiment with 20% labeled data for the left
atrium, the Dice coefficient, Jaccard index, HD, and ASD were 90. 55%, 82.82%, 5.78, and 1. 77, respectively. For
the LA dataset, when trained with 10% labeled data, compared with those of the uncertainty-guided collaborative mean
teacher (UCMT) , the Dice coefficient and Jaccard index improved by 0. 42% and 0. 44%, respectively. For the LA data-
set, when trained with 20% labeled data, compared with those of the UCMT, the Dice coefficient and Jaccard index
improved by 0. 14% and 0. 28%, respectively. In the experiment with 10% labeled data for Pancreas CT, the Dice coeffi-
cient, Jaccard index, HD, and ASD were 70.20%, 56.36%, 15.64, and 3. 57, respectively. In the experiment with
20% labeled data for Pancreas CT, the Dice coefficient, Jaccard index, HD, and ASD were 77. 89%, 64.92%, 7.97,

and 1. 65, respectively. For the Pancreas dataset, when trained with 10% labeled data, compared with uncertainty-guided
mutual consistency learning (UG-MCL) , the Dice coefficient and Jaccard index improved by 0. 94% and 1. 06%, respec-
tively. Additionally, compared with those of the mutual consistency network (MC-Net) , the Dice coefficient and Jaccard

index improved by 3. 70% and 4. 00%, respectively. For the Pancreas dataset, when trained with 20% labeled data, com-
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pared with UG-MCL, the Dice coefficient and Jaccard index improved by 2. 77% and 3. 34%, respectively. Additionally,

compared with those of MC-Net, the Dice coefficient and Jaccard index improved by 0.73% and 0. 61%, respectively.

Additionally, the experimental results on the automated cardiac diagnosis challenge (ACDC) dataset also demonstrate the

superiority of this method. Conclusion The model proposed in this study is based on the teacher-student framework, incor-

porates attention mechanisms, and leverages the distribution information of both labeled and unlabeled data to constrain the

student model. It effectively addresses the distribution gap between labeled and unlabeled data, reducing its impact on per-

formance and improving segmentation results. In particular, when labeled data are scarce, this model outperforms other

semi-supervised segmentation methods in terms of segmentation performance.
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RO A bR 8Os 0 B bR A o 2 0 bR 4 22 0T
BatchNorm 2 ], i #£ 24l 3R 1 F0I A5 25 g 4 {5 Fn
T 2GR BB AR e B, eATH o



$30% /FE 28 /2025 £2 A

RN, B, A, AFE, ®AE, AiliE
AMBHMAERINER L EEEFHEDE

AN
msel' = MSE(B} (Pi,.), B, (P,.))  (12)
mse; = MSE(B{ (P ), By (Plyua))  (13)
mse; —MSE( T(Piya) By (P iia)) (14)
= MSE(B' (P},.), By(Pi..))  (15)

Ldiszgz z mse;; +mse + mse;; "+ msel) (16)

itqj,Pi;bd%:Zﬁ‘%L I3 SO bR 1 8 B 0 A 2 ke
G L Pl FE7R 5 AN 53 SO A AR C B 1 T R 2%
WSS o Py PP, IR R A, B SSi
I3 AL BARIC B AR S BR BY BatchNorm )2 , B /& 5
55 A0 S A PR BRI B0 AH DGR % BatchNorm J2 ¢
il BatchNorm J2 J& , 4845 T FUIN AR 25 &1 19 43 A 7
B MSE() x5 3 A5 45 B i 45 75 1R 22 (mean
squared error, MSE )12k .

TR AIR B bR G Y 2 A 15 SRR S R bR
TCEHE I 22 >, DA F55 58 Fi EMA (Tarvainen F11 Val-
pola,2017) 53 BT 34~ By 2S5, Bk R

eh =ae,” +(1 —a)e (17)
A el (k = 0, 1) F/R N BatchNorm 2S5, ¢t 4
AN NZRIEARUEL, o ST EMA B30 250, BAAh
oa=min(l = 1/(¢t + 1), 0.99),
1.5 —BEHK

i A Teacher BEAY Y {52 28 3 fin W Ab B Y, T
Student 155 A 114 iy ARG BA R e Ak, ]
T Teacher 15 7Y () Z %5 8 3 19 EMA 1] LA 2 i 5
(17) o —ZMEA0 2 2 1 H Teacher £52 75 i %y th X2
A Student B Y 4 i 1 FEAT X 7 BR 22 B I THAR, LA
Ly A O A BAR

L., = MSE(P}y,, Piy.) + MSE(P;,, P},) +
MSE(Py,, P.,) (18)

2 SLIGFNEERSHR

2.1 HE&E

1) LA ¥4 . ok [ 2018 4F MICCAT (Medical
Image Computing and Computer Assisted Intervention
> E Bk TR Y LA I o B 2 (Yu 55,
2019) . EARME T 1004~ 3D ELIEHE A 15 MRT H14 A1
LA 73 FIHEAR o 3k SE 4 45 S 10 45 1) (W] P o3 HE Ny
0. 625 mm X 0. 625 mm X 0. 625 mm. M4 Yu % A
(2019) Y BLE , Z LG 7 M2 - 80 T HI T

S()Clety)

YIZRAN 20 W TPl . LA BGm RHh By
112 % 112 x 80,

2)Pancreas CT 84 . 2808 510 & 82 1) i
AR R CT R R . KRR EE . TARR
Bt I A 0 X 53 4% T A 27 44 Lotz 01T 82
PR HE RN L3 5 3D CT Y, 17 #4528 % & F VIR
AR A0 ) R AL, 0 19 65 44 S F R
P A DBV A R 00 2t T A TR i g A8 1) SR A
kR, AR WuZE A (2022a) A3 B, 43 BC 62 K H
i HF N2k, 20 kA4 H F9FEAL . Pancreas CT E{%
() RS BER 96 % 96 % 96,

3)ACDC UL o B A2 A 1k [F 45 A K 2%
[ ¢ (University Hospital of Dijon ) Ilffi PR 3% & H i 82 1)
(Bernard %5 ,2018) . ACDC 4 545 % H 100 44
BB ME MRUFEAS , Tl 2k A, 20 Wu 55
N (2022a) (1 TAE A SCHE 3 G0l F [ 7 25080 o
BT S AT I ZRAR (R4 AR AR 4331
570,10 M1 20 B FE R . ACDC B R
AR FRR 256 % 25615 %,

LA F1 Pancreas CT ZU4i 45 /2 3D 79 HI 8 s 4 , VIl
SRR B 3D EME ;T ACDC U ds 4 2 H: 3D
EHLYIEIRE 2D 23 v AT Y125, BRI ACDC s 48 1%
BT AN B 2D BRI UEA T %k
2.2 KEEE

S5 {f ) NVIDIA RTX A6000 GPU 7E PyTorch
- ST AR EA TN S . SR FHRERLAR i
T B# (stochastic gradient descent, SGD) i {7 B
TIBH, A R 0. 000 1, 34 0. 9, WA
RULE N 0. 01,52 500 KZEFRLA 10K, BAEI1Z%
T 6000 UEAR, HEAL IR I/ IN Ry 4, 4055 AH A B0 i A
prig fiARbric KIS .

it FH — A4~ B s () 28 1k 9 e 307 T R B A(e) =
B x e (B = 0. 1) e i Ml B 4 S FH A A
R Z AN AR, o e R M I 225 58 e
it KRB TR . X BT T Bl i B AR5
I p W B R I ] R A T 0 £ o B Ml ) AN
SEMRRE . D HI A, FA, B XA =

TFRREL, A, = 45 X A1),
2.3 iEMMIERR

PEM TR ELEE Dice 22X (Dice coefficient, DSC) .

Jaccard 8% (Jaccard) .95% FY Hausdorff F 25 (95%
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Hausdorff distance, 95HD ) £1°F ) 2 17 5 55 (average
surface distance, ASD) .

9SHD A1 ASD I FIFAL TN ZE R bR % 2
[ Py i1 iR 2%
2.4 S5HMFEETENEER

Lt 8 ) J7 % A UA-MT (uncertainty-aware mean
teacher) (Yu 55 , 2019) . SASSNet (shape-aware semi-
supervised network ) (Li%E,2020) .DTC(dual-task con-
sistency) (Luo %5, 2021) , MC-Net (mutual consistency
network ) (Wu 45 ,2021) .SS-Net(smoothness and inter-
class separation network) (Wu Z£ , 2022b) . UCMT
(uncertainty-guided collaborative mean teacher) (Shen
& 2023) il UG-MCL(uncertainty-guided mutual con-
sistency learning) (Zhang 55,2023 ) .
2.4.1 TELABURSE B LA

F LG TSR A B O i e LA Bdie 4 1
AR . NR T AT LUE Y 7E LABURSE |24
HAT 20% R IC B0 B, M1 8T UCMT (Shen 45,

2023) , Dice 5 1 Jaccard 15 073 4R 85 T 0. 14%
F10.28%. fE LAKUREE L, 418 T 10% fric B itk
TNk}, 5 UCMT # Et , Dice R $0FN Jaccard $5 %8
Iy IR T 0. 42% F10. 44%., X VLA SCBET 19 4>
A7 SR BB 2800 D 245 A7 5 R P T B 2 LR 9 43 A
FELIRTE TR B R Sy FIERE , U H IR TE
MR B bR iCEE I o Rl IR ASD $5 bR
FEA R B AR, X 02 B T 00 A 15 B0 T3 AHE B
AR FEL

P 2 Ry A ORI H A A [] 1~ B 7 12 7E LA %K
Pt R IAREE R o R 2 SRR, X e
TrEAH LG A SO UG T B i 73 ISR .
2.4.2 £ Pancreas CTEUHE A 1) Huds

2225 TRIA R W 777 Pancreas CT 4R
PaE L b g A . IR 2T LI i, 7F Pancreas 3{
A b, Y08 20% br i B0 21T 2R, 5 UG-
MCL(Zhang ZE 2023)AH L , Dice 2 EUHN Jaccard $8 5%
SRR T 2. 77% M1 3. 34%. KA1, 5 MC-Net(Wu

&1 DAMINMARMFEEFRNFTEELAKEE EHEEILER
Table 1 Quantitative comparison between DAMTN and different SSL segmentation methods on the LA dataset

ik A Aric s Tobric BdE Dice/% Jaccard/%  95SHD/IAZ  ASD/IAZ
V-Net(Milletari %5, 2016 ) 8(10%) 0 79.87 67.60 26.65 7.94
V-Net(Milletari %5, 2016 ) 16(20%) 0 85.94 75.99 16.70 4.80
V-Net(Milletari %, 2016) 80(£7) 0 90.98 83.61 8.58 2.10
UA-MT(Yu%£,2019) 8(10%) 72(90%) 85.81 75.41 18.25 5.04
SASSNet(Li %, 2020) 8(10%) 72(90%) 85.71 75.35 14.74 4.00
DTC(Luo %, 2021) 8(10%) 72(90%) 84.55 73.91 13.80 3.69
MC-Net(Wu %, 2021) 8(10%) 72(90%) 86.87 77.98 12.67 2.18
SS-Net(Wu %, 2022b) 8(10%) 72(90%) 86.56 76.61 12.76 3.02
UCMT(Shen %%, 2023) 8(10%) 72(90%) 88.13 79.18 9.14 3.06
DAMTN (A30) 8(10%) 72(90%) 88.55 79.62 9.07 3.08
UA-MT(Yu%£,2019) 16(20%) 64(80%) 88.18 79.09 9.66 2.62
SASSNet(1Li %, 2020) 16(20%) 64(80%) 88.11 79.08 12.31 3.27
DTC(Luo%%, 2021) 16(20%) 64(80%) 87.79 78.52 10.29 2.50
MC-Net(Wu %, 2021) 16(20%) 64(80%) 90.12 82.12 8.07 1.99
SS-Net(Wu %, 2022b) 16(20%) 64(80%) 88.19 79.21 8.12 2.20
UCMT(Shen %%, 2023) 16(20%) 64(80%) 90.41 82.54 6.31 1.70
DAMTN (A30) 16(20%) 64(80%) 90.55 82.82 5.78 1.77

T UL P SRR S A S e LA AR
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Fig. 2 Visualization results of different semi-supervised methods on the LA dataset
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Table 2 Quantitative comparison between DAMTN and different SSL segmentation methods on the Pancreas CT dataset

Tk Abric s Tehric g Dice/% Jaccard/%  9SHD/IAZ  ASD/AZE
V-Net(Milletari 25, 2016) 6(10%) 0 67.78 53.74 21.59 3.86
V-Net(Milletari 2§, 2016) 12(20%) 0 71.89 59.45 10.13 1.59
V-Net(Milletari %5, 2016) 62(4K) 0 81.95 69.94 5.75 1.36
UA-MT(Yu%£,2019) 6(10%) 56(90%) 67.92 53.94 17.66 4.32
SASSNet(Li %, 2020) 6(10%) 56(90%) 67.08 5275 18.35 3.35
DTC(Luo %, 2021) 6(10%) 56(90%) 67.32 53.78 15.76 2.03
MC-Net(Wu %, 2021) 6(10%) 56(90%) 66.5 52.36 19.95 6.91
SS-Net(Wu %, 2022b) 6(10%) 56(90%) 67.58 54.52 21.35 3.53
UG-MCL(Zhang %, 2023) 6(10%) 56(90%) 69.26 55.3 15.85 3.67
DAMTN(A30) 6(10%) 56(90%) 70.2 56.36 15.64 3.57
UA-MT(Yu%£,2019) 12(20%) 50(80%) 70.52 58.15 17.46 2.67
SASSNet(Li %, 2020) 12(20%) 50(80%) 76.28 62.77 9.16 2.97
DTC(Luo %, 2021) 12(20%) 50(80%) 71.56 58.62 15.47 1.48
MC-Net(Wu %, 2021) 12(20%) 50(80%) 77.16 64.31 10.93 2.47
SS-Net(Wu %, 2022b) 12(20%) 50(80%) 74.5 62.04 13.88 1.4
UG-MCL(Zhang %, 2023) 12(20%) 50(80%) 75.12 61.58 11.45 2.68
DAMTN (A30) 12(20%) 50(80%) 77.89 64.92 7.97 1.65

I PR RN S A BT IR 4 R
45,2021 FH I, Dice REUF Jaccard $8 B Bl = 1 & 1 3.70% H1 4. 00%. 5 LA ¥4 % AH I, 78 Pan-

0.73% H10.61%. 7 Pancreas B4 % |, 24 i
YT, 5 UG-MCLAH L , Dice %
=5 10.94% Fl 1. 06%.
Hh, 5 MC-Net /1 It , Dice R £ Jaccard 45 553 51l £

10% bric Bcde 17

BOA Jaccard $8 K43 0l 42

creas PR FE 14 10% bric B AT iR RUAS T B 4f

M PERESR TF . HR, ASD F8 bRt 5 LA B —2,

e RIS IR A

KR, AR Tk BA —

SE T2 AL RE JT , 7€ Pancreas $045 4 I L AE A R BLAG
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Fig. 3 Visualization results of different semi-supervised methods on the Pancreas CT dataset

2.4.3 TEACDCHURSE [y b S 20% e B sE AT VIR, AT MC-
T3 T AFERE W E T EAE ACDCEESE  Net(Wu % ,2021) , Dice 2 % Jaccard 48 543 51 #2
ER ISR . WSR3 LUAE L TE ACDCEUESE  JH T 0.18% F10. 50%. 7 ACDC #dfi 4k |, 24 fdi ]

*®3 DAMINMAREKFHESEFEEACDCHEE LHESILE
Table 3 Quantitative comparison between DAMTN and different SSL segmentation methods on the ACDC dataset

Jrik Abric s TeAricEdE Dice/% Jaccard/%  9SHD/AZE ASDIAZE
U-Net(Ronneberger %, 2015) 7(10%) 0 77.34 66.20 9.18 2.45
U-Net(Ronneberger %, 2015) 14(20%) 0 85.15 75.48 6.20 2.12
U-Net(Ronneberger 45, 2015) 70(4=3) 0 91.65 84.93 1.89 0.56
UA-MT(Yu%§, 2019) 7(10%) 63(90%) 81.58 70.48 12.35 3.62
SASSNet(Li %, 2020) 7(10%) 63(90%) 84.14 74.09 5.03 1.40
DTC(Luo %, 2021) 7(10%) 63(90%) 82.71 72.14 11.31 2.99
MC-Net(Wu %, 2021) 7(10%) 63(90%) 86.34 76.82 7.08 2.08
SS-Net(Wu %, 2022b) 7(10%) 63(90%) 84.07 73.84 9.33 2.69
UG-MCL(Zhang %, 2023) 7(10%) 63(90%) 86.24 76.29 6.07 2.04
DAMTN (A30) 7(10%) 63(90%) 86.69 77.15 6.68 2.14
UA-MT(Yu%,2019) 14(20%) 56(80%) 85.87 76.78 5.06 1.54
SASSNet(Li %, 2020) 14(20%) 56(80%) 87.04 78.13 7.84 2.15
DTC(Luo%%, 2021) 14(20%) 56(80%) 86.28 77.03 6.14 2.11
MC-Net(Wu %, 2021) 14(20%) 56(80%) 87.83 79.14 4.94 1.52
SS-Net(Wu %, 2022b) 14(20%) 56(80%) 86.07 76.61 7.26 2.27
UG-MCL(Zhang 4, 2023) 14(20%) 56(80%) 87.28 78.59 6.84 2.37
DAMTN (A 30) 14(20%) 56(80%) 88.01 79.64 5.85 1.64
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th L BE % b R LG Y 1S R BT Y J5 % Dice 1
RESIAF RGN, 2 50% M hR £ I, Dice f845 JL T
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2.5 HEIE
2.5.1 SR uRREH A Rk

R T ARG R [ A ot R 4 45
TAE LABCHE A Ry M S e s R . R4S R R
B, AE AN R L AR e s T, 4300 5B UMLLIS
FI DA BLH R, A 8 AR A8 25 . SRR T A SR
TR AT R o JEHGE 72 10% RbRic Bdla i, 2%
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84
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Fig. 4  Dice performance under different annotation data

ratios on the LA dataset

B UMABEERI , 5 AT L, BT A SRR A A4 1
BRI . X RG] F b ic Koi i, fig
fth e 22 1) AR AN 5 PR R, S AN R T B4 T )
PERE. TH 2% ISBEB, BT A 45 bn 2 T I, X R Wi
BB A A8 BEAT 1A — B A . BeSh,
W AR TC R (19 LU T B, 18 25 DA B BT fiE
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A O A R A0 BE RR AR 1 e 22 18] Y O A
20E
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Table 4 Ablation experiments of DAMTN on the LA dataset

B 2 R A bric B Tehmic Dice/% Jaccard/% 9SHD/AZE  ASD/HAZE
UM 8(10%) 72(90%) 87.42 77.98 14.46 441
IS 8(10%) 72(90%) 88.29 79.38 12.21 3.60
DA 8(10%) 72(90%) 88.39 79.34 14.00 3.71
DAMTN(AR{H) 8(10%) 72(90%) 88.55 79.62 9.07 3.08
UM 16(20%) 64(80%) 90.39 82.56 6.49 2.17
IS 16(20%) 64(80%) 90.34 82.32 6.62 2.28
DA 16(20%) 64(80%) 90.51 82.76 8.40 2.38
DAMTNCA{H) 16(20%) 64(80%) 90.55 82.82 5.78 1.77
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Fig. 5 With and without a distribution-aware module on the LA dataset, the feature distribution at a 10% annotated data ratio

((a) with distribution-aware module ; (b) without distribution-aware module )
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