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Abstract: Objective Medical image segmentation plays a fundamental role in computer aided diagnosis by enabling accu-
rate delineation of anatomical structures and pathological regions. Although fully supervised deep learning methods have
achieved remarkable success in medical image segmentation, their performance strongly depends on large scale pixel wise
annotations, which are costly, time consuming, and require substantial clinical expertise. Semi supervised learning has
therefore emerged as a promising alternative by leveraging a small amount of labeled data together with abundant unlabeled
data. Among existing semi supervised approaches, consistency-based methods have demonstrated strong performance by
encouraging prediction consistency under different perturbations. However, in challenging medical imaging scenarios, par-
ticularly MRI images characterized by low contrast, blurred boundaries, and noise, pseudo labels generated during train-

ing often contain regions that are highly confident but unreliable. These biased pseudo labels may be repeatedly reinforced
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during consistency training, leading to error accumulation and degraded segmentation performance. Moreover, most
consistency-based methods treat pixels as independent units and fail to fully exploit spatial and semantic correlations that
are critical for accurate boundary delineation. To address these limitations, this paper proposes a bias correction guided
contrastive consistency learning framework , termed BC Net, for semi supervised MRI image segmentation. Method BC-
Net is built upon the CPS framework and consists of three key components: cross-view consistency training, a bias-
correction guided pseudo label optimization module, and a high-confidence guided pixel-level contrastive learning module.
First, two segmentation sub-networks with identical architectures but independent parameters are trained using cross
pseudo supervision. For labeled data, standard supervised losses combining cross-entropy and Dice loss are applied. For
unlabeled data, predictions from one sub-network are used as pseudo labels to supervise the other, enforcing consistency
across different augmented views. To mitigate the adverse impact of biased pseudo labels, a Bias-Correction Guided
Pseudo Label (BCGPL) module is introduced. Instead of directly trusting all pseudo labels, BCGPL explicitly identifies
two types of high-confidence but unreliable biased regions commonly observed in MRI segmentation: (1) non-maximum
connected component bias, where small isolated regions with high confidence do not correspond to true anatomical struc-
tures, and (2) prediction inconsistency bias, where different sub-networks produce conflicting predictions for the same
pixel under different views. These biased regions are detected through connected component analysis and pixel-wise XOR
operations between sub-network predictions. A dynamic confidence threshold is further employed to distinguish trustworthy
predictions from potentially erroneous ones. During consistency training, higher weights are assigned to high-confidence
biased regions, encouraging the network to focus on correcting these errors, while low-confidence or unbiased regions are
treated with standard consistency constraints. This strategy enables iterative refinement of pseudo labels and effectively sup-
presses bias accumulation. To further enhance global semantic representation and exploit inter-pixel relationships, a High-
Certainty-aware Pixel-level Contrastive Learning (HCPCL) module is incorporated. Unlike existing pixel-level contrastive
learning methods that directly sample anchors from noisy pseudo labels, HCPCL selects anchor pixels exclusively from
high-confidence, low-bias regions, referred to as high-certainty regions. These regions are more likely to align with true
annotations and thus provide reliable supervision. Deep feature representations are projected into a low-dimensional embed-
ding space, where pixel-level contrastive learning is performed using an InfoNCE loss. A dynamic class-wise memory
queue is maintained to store representative features and construct diverse positive and negative sample sets. By leveraging
high-certainty anchors and a memory-based contrastive strategy, HCPCL strengthens semantic consistency within target
regions while improving discrimination between different anatomical structures. The overall training objective combines
supervised loss on labeled data, bias-corrected consistency loss on unlabeled data, and pixel-level contrastive loss,
enabling BC-Net to jointly improve pseudo label quality and feature representation learning in a unified framework. Result
Extensive experiments were conducted on one private endometrial cancer MRI dataset and two public MRI datasets, namely
ACDC and PROMISE12, under different labeled data ratios (10% and 20%). The proposed BC-Net was compared with a
wide range of state-of-the-art semi-supervised segmentation methods, including MT, UAMT, CCT, CPS, URPC, SS-Net,
DC-Net, BCP, SLC-Net, and PPC, using consistent network architectures and training protocols. Quantitative evaluation
was performed using Dice coefficient, Jaccard index, Average Surface Distance (ASD) , and 95% Hausdorff Distance
(95HD). On the endometrial cancer MRI dataset, BC-Net consistently achieved the best performance across all metrics.
With only 10% labeled data, BC-Net improved the Dice coefficient by 6.04% over the CPS baseline and significantly
reduced boundary errors, outperforming even fully supervised U-Net trained with 20% labeled data. Similar trends were
observed on the ACDC dataset, where BC-Net achieved competitive global segmentation accuracy while maintaining supe-
rior boundary precision. On the PROMISE12 dataset, which poses additional challenges due to extreme data scarcity and
structural variability, BC-Net demonstrated strong robustness and delivered substantial improvements over competing meth-
ods, particularly in low-label settings. Ablation studies further validated the effectiveness of each component. The BCGPL
module significantly reduced the number of biased pseudo label pixels during training, while the HCPCL module enhanced
global semantic coherence and boundary accuracy. Additional experiments on bias type selection, anchor sampling strate-
gies, and hyperparameter sensitivity confirmed that jointly correcting multiple bias types and sampling anchors from high-

certainty regions are critical for optimal performance. Qualitative visualizations also demonstrated that BC-Net produces
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more complete target regions and sharper boundaries, especially in low-contrast and ambiguous areas. Conclusion This

paper presents BC-Net, a novel semi-supervised MRI image segmentation framework that integrates bias-correction guided

pseudo label optimization with high-confidence guided contrastive consistency learning. By explicitly identifying and cor-

recting high-confidence biased regions during consistency training, BC-Net effectively alleviates error accumulation caused

by unreliable pseudo labels. Meanwhile, the proposed contrastive learning strategy leverages high-certainty regions to

enhance global semantic representation and inter-pixel consistency, leading to more accurate and robust segmentation

results. Extensive experimental results on multiple MRI datasets demonstrate that BC-Net consistently outperforms existing

semi-supervised methods under limited annotation settings. The proposed framework provides an effective solution for

reducing annotation dependency while improving segmentation accuracy and boundary precision, and shows strong poten-

tial for practical clinical applications in medical image analysis.

Key words: consistency training; contrastive learning; bias correction; semi-supervised learning; medical image segmen-

tation
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Fig. 1  Overall architecture of semi-supervised MRI segmentation via bias-correction guided contrastive consistency learning
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Fig. 5 High-confidence guided pixel-level contrastive learning method
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(MT) (Rasmus % , 2015) , uncertainty-aware mean
teacher (UAMT) (Yu 5% , 2019)
training (CCT) (Ouali 45 ,2020) , cross pseudo supervi-
sion(CPS) (Chen %§,2021) , uncertainty rectified pyra-
mid consistency (URPC) (Luo %%, 2022) , smoothness
and class-separation network (SS-Net) (Wu 4§ ,2022),
decoupled consistency network (DC-Net) (Chen %§-,
2023) , bidirectional copy-paste (BCP) (Bai % |,

, cross—consistency

2023) , shape-aware and local context constraints net-
work (SLC-Net) (Liu % , 2024) DA } probabilistic
prototype-based classifier (PPC)( Yuan %§,2025) .
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Fig. 6  Visualization results on the endometrial cancer MRI dataset with 10% labeling data
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Table 1 Comparative experiments between the endometrial cancer MRI dataset and existing semi—supervised medical

image segmentation methods

TN R R
Jiik — -

it LAl AR LA Dice 1 Jaccard 1 95HD | ASD |
U-Net 10% 54.05 44.29 18.32 7.28
U-Net 20% ’ 66.55 57.63 14.79 5.13
MT(NeurIPS2017) 68.03 55.58 18.23 6.00
UAMT(MICCAI2019) 68.02 56.19 28.75 9.03
CCT(CVPR2020) 65.28 55.47 16.03 5.19
CPS(CVPR2021) 70.53 59.34 17.04 5.93
URPC(MICCAI2022) 64.63 5474 15.90 5.02
SS—Nel(MICCAT2022) 10% 90% 60.68 50.18 29.42 11.83
DC-Net(MICCAI2023) 61.38 51.60 16.12 6.44
BCP(CVPR2023) 75.03 64.76 17.59 6.75
SLC—Net(TMI2024) 72.28 63.41 16.05 6.08
PPC(TMI2025) 63.09 53.72 24.68 8.23
BC-Net 76.57 66.38 11.66 3.70
MT(NeurlPS2017) 72.18 61.22 21.03 6.72
UAMT(MICCAI2019) 73.18 62.01 14.23 4.54
CCT(CVPR2020) 71.13 61.92 25.02 10.78
CPS(CVPR2021) 72.49 61.65 13.68 4.70
URPC(MICCAI2022) 71.93 62.51 17.36 5.51
SS—Nel(MICCAI2022) 20% 80% 68.61 59.96 17.48 6.20
DC-Net(MICCAI2023) 67.18 59.10 11.69 3.70
BCP(CVPR2023) 78.38 69.40 12.60 4.37
SLC-Net(TMI12024) 77.93 66.74 11.37 3.77
PPC(TMI2025) 70.43 60.76 16.48 4.91
BC—Net 79.57 68.78 8.08 3.29
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T DX 330 2 %) [ 8L, 1717 AR SC 5k BB A 34 A S8 4K bk
52 FIARGEHE s 2L EAMERR 8 T BCP J7 35 7E MRI B4 rh
(R 5 3 0 DX, T AR S 2% 3 4o 0 25 5 LE ML AT A%
T S, B B 2% R R ) 4

Bk,
2.5 HBMIWERSH

R B BT 4R O IR R A RO AR SCRTH IR T R
T —ZR G Rl S, X2 W B A A AR o 45 A G
SRLF AT RGNE AT S IR UE , IR A SRR 775
1) TAERLHI FOCHE R R, E— DR B ALy, A
TEFRTE FE R 10% 9 ACDC B 4E R4 T LA R 1
TH RS

R2 ACDCHEEESNANIEEEFEGS R A EMNX L KE

Table 2 Comparative experiments between the ACDC dataset and existing semi—supervised medical image segmentation

methods
ot P IEIR
ik
B i L i) AR A5 Dice 1 Jaccard 1 95HD | ASD |
U-Net 10% 82.84 72.03 7.47 2.19
U-Net 20% ’ 83.96 74.01 9.76 3.06
MT(NeurlPS2017) 83.55 72.97 9.14 2.30
UAMT(MICCAI2019) 84.32 74.29 7.57 2.64
CCT(CVPR2020) 83.96 73.85 6.30 1.92
CPS(CVPR2021) 85.13 75.33 6.85 1.96
URPC(MICCAI2022) 84.84 74.79 5.49 1.53
SS-Net(MICCAI2022) 10% 90% 86.78 77.67 6.07 1.40
DC-Nel(MICCAI2023) 89.42 81.37 1.28 0.38
BCP(CVPR2023) 88.84 80.62 3.98 1.17
SLC-Nel(TMI2024) 84.31 74.36 441 1.29
PPC(TMI2025) 82.63 71.75 12.75 3.37
BC—Net 89.47 81.39 1.30 0.40
MT(NeurlPS2017) 86.51 77.43 6.52 1.92
UAMT(MICCAI2019) 84.67 75.13 9.81 2.47
CCT(CVPR2020) 85.87 76.83 7.44 2.03
CPS(CVPR2021) 87.72 79.18 5.64 1.65
URPC(MICCAI2021) 86.33 77.27 5.63 1.53
SS-Net(MICCAI2022) 20% 80% 87.31 78.65 7.36 1.95
DC-Net(MICCAI2023) 89.74 82.09 2.19 0.72
BCP(CVPR2023) 89.77 81.97 6.75 1.51
SLC-Net(TMI2024) 87.73 79.21 5.98 1.50
PPC(TMI2025) 86.23 76.67 6.41 1.95
BC—Net 90.09 82.40 1.67 0.48

T IRL TR R A5 S B2 2R i R R PRI IR SE R, T FORIBPRMEMUOBS , | FORIBTRE R/ L

© h[E KR KL AR



13
FREBR, XMEMR, ExXE, LER, XNE&
1R Z B IE 5% L5 SI R 89 3 15 MRI B 55

- — o | Mh —
6“ | [Pl
w N ,

L hE W :

Train Iteration

() AR TR 2R 2 () T (5 2214 2 ¥t

Train Iteration

((a) number of non-maximum bias pixels; (b) number of prediction bias pixels)

Fig. 7 Variation in the number of two types of biases during training on the ACDC dataset with 10% labeled data
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Fig. 8 Comparison of visualization results between the proposed method and other semi-supervised segmentation methods on the

PROMISE12 dataset
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Table 3 Comparative experiments between the PROMISE12 dataset and existing semi—supervised medical image segmenta-

tion methods

G TN R R
Tk — —
Frid: L i) RAw i Ll Dice 1 Jaccard 1 95HD | ASD |
U-Net 10% 44.48 35.88 17.06 7.25
U-Net 20% ’ 53.79 45.45 17.83 6.19
MT(NeurIPS2017) 55.79 45.70 23.65 10.92
UAMT(MICCAI2019) 45.07 36.92 18.84 8.77
CCT(CVPR2020) 56.30 46.91 41.34 19.72
CPS(CVPR2021) 56.52 47.68 26.03 12.85
SS-Net(MICCAI2022) 61.65 51.77 14.86 4.99
10% 90%
DC-Net(MICCAI2023) 68.89 54.88 12.93 3.75
BCP(CVPR2023) 67.58 57.23 14.84 6.70
SLC—Net(TMI2024) 61.49 46.67 27.34 12.38
PPC(TMI2025) 68.71 53.21 82.07 22.01
BC-Net 72.78 60.37 10.65 3.95
MT(NeurlPS2017) 63.13 53.59 26.62 11.34
UAMT(MICCAI2019) 73.24 62.97 19.35 7.24
CCT(CVPR2020) 65.96 56.56 15.19 6.15
CPS(CVPR2021) 73.77 63.16 18.01 6.39
SS—Nel(MICCAI2022) 69.53 59.74 10.83 2.65
20% 80%
DC-Net(MICCAI2023) 78.68 65.44 10.65 2.53
BCP(CVPR2023) 76.96 66.05 10.77 3.43
SLC-Net(TMI2024) 74.55 63.81 18.86 8.72
PPC(TMI2025) 71.09 56.16 38.17 9.32
BC—Net 79.57 68.78 8.08 3.29
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Table 4 Ablation experiments evaluating the contribution

of each module

Dice Jaccard 95HD ASD

con aug BCGPL HCPCL 1 t | !

N 85.13 7533 6.85 1.96
N N 8745 7843 434 128
N N N 87.80 78.93 345 1.08
N N V8897 8058 246 0.78
N N N Vv 8947 8139 130 040

TE LA R S S L 2R, T SRR PR bR DB,
FORAGFRIE ML N ATV F 6 FH R B

R5 BEEXILMEINES LN EHEE
Table 5 Ablation experiments on the pixel-level contras-

tive loss weight parameter

n Dice T Jaccard T 95HD | ASD |
0.05 88.23 79.56 4.47 1.25
0.1 89.47 81.39 1.30 0.40
0.15 88.54 80.04 3.97 1.22
0.2 88.25 79.65 4.30 1.41

T IR F AR FR A SRS R , T FR BRI, |
FORAEAREB N

AR 2 5 T i 25 %0 TR TR R AR PR RE 2 G
B NI, ARS8 1 255 7 R AN [R] S Y 1) Al 22
DX, A7 A28 A R AR R i 7250 S THE Y A 73
I SR ETE

F6 KETRREXEHHMEE

Table 6 Ablation experiments focusing on different bias

regions
g%g ﬁgﬁ Dice T Jaccard T 95HD | ASD4
88.97 80.58 2.46 0.78
N 89.15 80.89 2.64 0.90
N 89.06 80.77 2.13 0.55
N N 89.47 81.39 1.30 0.40
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Fig. 9 Visualization results of challenging cases on the ACDC

dataset. The red region indicates the right ventricle, the green

region indicates the myocardium, and the blue region indicates

the left ventricle
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