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Abstract. Learning robust medical image segmentation models is chal-
lenging when training datasets contain mixed-quality annotations aris-
ing from inter-observer variability and ambiguous boundaries. Although
existing methods address noisy supervision through label correction or
supervision selection strategies, they rarely integrate both, which lim-
its effective noise handling. In response, we propose RGSS, Reliability-
Guided Supervision for medical image Segmentation under annotations
of varying qualities. RGSS jointly estimates annotation reliability via
co-training and Gaussian Mixture Model (GMM), and adaptively re-
constructs supervision targets using a pretrained diffusion-based mask
refiner. The refinement strength is adjusted by the estimated noise sever-
ity, enabling aggressive correction for heavily corrupted masks while pre-
serving structural details in mildly noisy cases. To mitigate confirmation
bias and prior-induced errors, refined masks are further blended with
peer-model predictions through epoch-dependent scheduling. Extensive
experiments on two public medical segmentation benchmarks with four
backbone networks demonstrate that our method consistently improves
robustness and segmentation accuracy under varying levels of annotation
noise, outperforming existing baselines.

Keywords: Noisy Label Learning - Annotation Refinement - Semantic
Segmentation.

1 Introduction

Medical image segmentation is fundamental for computer-aided diagnosis and
interpretation, enabling pixel-wise identification of anatomical structures and
pathological regions such as tumors [4,12], lesions [18,19], and abnormalities [13,
31]. Recent deep neural networks (DNNs) have achieved strong performance in
various segmentation tasks [28]; however, their success depends on large-scale
datasets annotated with dense pixel-level masks provided by clinical experts [11].
In practice, even carefully curated datasets often contain imperfect annotations
due to inter-observer variability and boundary ambiguity [27]. Consequently,
medical segmentation datasets often exhibit mixed-quality supervision [23], pos-
ing a challenge for robust learning under imperfect annotations.

" These authors contributed equally to this work.
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Related works. Existing noisy-label learning methods can be categorized
into 4) label correction and i) supervision selection. Label correction meth-
ods directly refine annotations to improve structural consistency. For example,
SpatialCorrection [30] models boundary distortions via a Markov process and re-
lieves bias, while diffusion-based refinement models [26] iteratively denoise coarse
masks through learned diffusion processes. Although these approaches restore ge-
ometric coherence, refinement is typically applied uniformly without accounting
for varying annotation reliability. In contrast, supervision selection approaches
identify unreliable annotations and reduce their influence on learning. While
early works [2,25,29] largely focused on classification and relied on sample-level
confidence estimation, more recent extensions to segmentation [10,17] perform
pixel-level noise detection and model optimization in a semi-supervised manner.
Nevertheless, they operate primarily by discarding uncertain regions rather than
reconstructing them, overlooking remaining salient structures in noisy regions.

Our proposal. In this regard, we propose a model-agnostic training scheme
that iteratively selects low-reliability samples and explicitly refines imperfect
annotations. Our method employs a co-training strategy with two segmentation
networks. Per-sample losses computed by each network are reciprocally used by
the peer model to fit a two-component distribution that separates clean and
noisy subsets. While clean labels are used directly, noisy labels are corrected
by a diffusion-based refinement strategy, adaptive to per-sample noise severity.
Labels are then blended with peer model guidance to mitigate confirmation bias
and potential undetected noise. As a result, the proposed framework constructs
training targets by integrating co-training guidance and diffusion-based refine-
ment, enabling robust performance under mixed-quality supervision.

Main contributions. Our contributions are summarized as follows: 1) We
propose a novel iterative framework for image segmentation under noisy anno-
tations by refining target masks without prior knowledge of annotation relia-
bility. 2) We estimate per-sample reliability, which modulates a diffusion-based
mask refiner that adaptively injects structural priors when generating reliable
supervision for noisy samples in a model-agnostic manner. 3) RGSS aggregates
refined results and peer model guidance to construct a novel supervision with
robustness under mized-quality supervision. Extensive experiments on two pub-
lic benchmarks with four different backbones demonstrate the robustness of our
method under varying levels of annotation noise.

2 Preliminary: Diffusion-based Mask Refinement

Discrete diffusion models (DDMs) (Fig. 1a) [3,7,14] are designed for generation
and learn forward corruption and reverse transition processes over discrete vari-
ables to approximate and sample from the data distribution. They are specifically
formulated for sample generation rather than the refinement of existing input,
making them less suitable for segmentation mask refinement tasks that require
selective correction of erroneous regions while preserving reliable structures.



RGSS 3

(a) Discrete Diffusion Model (b) SegRefiner (c¢) RGSS

mixed-quality ~noisy mask mmge refined mask

ammtatums -.
[ Ry yi TF)

4= w.r.t. reliability, T
\ noisy mask image ref ned mask

1
1
1
=
I§
2
I‘\)
1
1

noise image generated mask | coarse mask image fine mask

Ry (%, yri T)

“fixed T

noise image g,eneran.'d mask

—m

B0 1)

Rp(x,y1:T)

Th
“fixed T Ry (%, T}

Fig. 1: (a) Mask generation using DDMs. (b) Mask Refinement with SegRefiner. (c)
Adaptive Mask Refinement based on sample reliability and noise-intensity.

To address this limitation, SegRefiner [26] proposed a DDM application for
mask refinement by introducing a unidirectional forward process over pixel-wise
discrete states. For training, a fine—coarse mask pair (yo,yr) is constructed for
input image x, where yr is a structured corruption of yo. For pixel (7, j), latent
states s;7 € {[1,0],[0,1]} corresponding to fine and coarse states, the intermedi-
ate mask is constructed as y: = f(s¢; Yo, yr), where f(-) denotes a deterministic
state-to-mask conversion. Likewise, forward and reverse processes become:

a(si” [ s174) = 5y20Qe, po(si?y | s77) = 57 Py, . ), (1)

where @), is a state-transition matrix that enforces a unidirectional fine-to-coarse
transition, and P¢(x, Yt,t) is a reverse state-transition matrix whose entries are
parameterized by learned predictions conditioned on x and y;. At inference time,
starting from a given coarse mask yr, the refined mask is obtained by sequentially
applying reverse diffusion over pixel-wise states for t =T, ...,1 and constructing
y¢—1 from the resulting states, which is denoted as § = Ry(z, yr; T) as in Fig. 1b.
Our approach. Unlike SegRefiner, which applies the same refinement strat-
egy to all input masks, our method (Fig. lc) explicitly accounts for mixed-
quality annotations. Furthermore, refinement strength is determined by sample-
wise noise intensity for adaptive correction to preserve boundary-level details.

3 Method

We present an iterative plug-and-play learning framework for medical image seg-
mentation under mixed-quality annotations, which proceeds as follows: 1) Two
segmentation networks are trained in parallel to estimate per-sample annotation
reliability based on their training losses. 2) To enhance robustness and miti-
gate confirmation bias, noisy labels are adaptively refined via a diffusion-based
module with severity-aware strength, followed by peer-guided blending across all
samples. 3) The models are then optimized using the reconstructed targets in a
mutual learning manner, and this procedure is iteratively repeated.
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Fig.2: (a) Overview of RGSS. Models My, and My, iteratively compute per-sample

losses lp, to estimate annotation reliability r<k) via GMM. For model My, , (b) refines

noisy labels using R, adjusted by r( ) , to generate new supervision y< )

to train each model in the subsequent 1teratlon
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Problem Definition. Let {(z;,3;)}}Y, be a set of image-annotation pairs,
where x; € RT*W*C denotes an image and y; € {0, 1}7*" denotes its corre-
sponding pixel-level annotation. Segmentation masks y; are provided by human
annotators and are therefore prone to annotation noise. Presumably, the dataset
consists of a combination of relatively accurate and corrupted annotations, while
the reliability of each annotation is unknown. RGSS aims to learn a segmenta-
tion model Mp(x) : RTXWXC [0 1]H>*W that predicts accurate segmentation
masks without prior knowledge of the dataset’s annotation reliability.

Co-Estimation of Annotation Reliability. To handle corrupted annota-
tions, we adopt a co-training framework that trains two segmentation networks
in parallel, mitigating confirmation bias via complementary supervision. Relia-
bility estimation leverages the memorization dynamics of DNNs [1,22,32], where
clean samples are fitted earlier and incur lower losses. Accordingly, peer-network
losses are used to infer annotation reliability.

Consider two segmentation models with different parameterizations, denoted
as My, and Mpy,. Before estimating annotation reliability, we train both mod-
els for ey epochs to ensure initial convergence on the given data. Formally,
for model My, , the per-sample training loss for sample ¢ is defined as €Ek) =
L(o(Mp, (x;)),y;) where L(-) denotes the Dice loss and o(-) is the sigmoid acti-
vation. Both models are trained directly on the given {(z;,v;)}Y, without any
label correction, despite the unknown risks of invalid annotations.

To separate clean and noisy samples in a soft and data-driven manner, we fit
a two-component GMM [20] to the per-sample losses. For model My, , we model

the empirical distribution of per-sample training losses {E )} L, as a mixture of
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two clusters corresponding to clean and noisy annotations as

p®) = 3 mPN(EO | pP,e®). o)

ce{clean,noisy}
such that 7T£k) is the mixing coefficient per cluster and ,ugk),agk) is the mean
and standard deviation of cluster c¢. The parameters in GMM are estimated
using the Expectation-Maximization algorithm [9]. Accordingly, each sample is
assigned a soft clean probability. To mitigate confirmation bias, the reliability
weight used to supervise model My, is computed from the loss distribution of the
other model. With such complementary exchange of knowledge, the reliability

for sample ¢ when training My, is defined as rgk) = p(c = clean | fgk’)) for k' # k.

Target Construction for Mixed-Quality Annotations. Based on esti-
mated clean probabilities, we construct training targets that directly address

mixed-quality annotations. Given a threshold 7 and reliability weights rgk), the
clean label subset J%) = {i|r§k) > 7} is approximated for model My, .

clean

For samples {(z;,y;) | i € T }, the original labels are retained, as their

clean
high rgk) indicate reliable supervision. In contrast, samples {(x;,v;) | i ¢ J, c(li)cm},
are regarded as unreliable and require adjustment. We therefore apply a refine-
ment module Ry in Sec. 2 to construct new supervision targets. R is pre-trained
on given masks y by learning the reverse state transitions py(s;—1 | s;) that invert
the mask corruptions using forward diffusion process. In addition, the correction

strength of Rg per sample is adaptively adjusted based on the estimated noise
severity; we define the step number 7™ to be sample-dependent. Specifically,

given a step range of [Trnin, Trnaz], T is defined as Ti(k) = Tnin+(1 —rgk))(Tmaw -
Tnin)- As a result, the refined annotation y}(k) is denoted as:

. k

~ (k) _ ) Yis 1€ jc(le)cm 5

= (k) : (3)
Ry(xi,yi, Ty ), otherwise

(k)

Nonetheless, using ¢,"’ as the final hard target may induce systematic bias

and propagate boundary inaccuracies. For i € Jc(llz)an, high rgk) does not en-

sure complete correctness, hence labels may contain subtle annotation errors
that can adversely affect learning. Furthermore, while R, demonstrates strong
capability in restoring global structures [24,26] even under noisy supervision,

refinement may not fully resolve local boundary inconsistencies. To address such

limitations, we construct soft supervision targets by blending gjgk) with peer

prediction My, , (z;) using a weighted interpolation, parametrized by BZ-(k).
(k)

For clean samples, ,6’1-(16) is defined as r;"’ to ensure that supervision integrates

My, (z;) based on sample reliability. Conversely, for refined masks, Bl-(k) is defined
as epoch-dependent scheduling a(e) = £mez=% given maximum epoch €,,4,. This

€max —€0

design prioritizes refined g)gk) during early training to suppress major noise as R
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injects a structural prior and progressively increases the contribution of Mpy,, (x;)
as training stabilizes. Thus, the final supervision for model My, , y}(k) becomes:

(k) . (k)
0 = 358 41— M, (), B ={Ti 0 1 E Taiecan
Ui 61 Yi +( Bz ) O (1‘1), B’ cy(e)7 otherwise

Resulting targets with enhanced supervision are used to update each model,
enabling robust learning under mixed-quality annotations.

Training Objective. For (€4 — €p) epochs, the two segmentation models

are trained with newly constructed targets {(z;,9;)}X;, which are iteratively

updated per epoch. For each model, the supervised loss is defined as Lgﬁ)p =
& S L(o (M, (), 57).

4 Experiment

4.1 Experimental Setup

Dataset. Evaluation is based on two public medical segmentation datasets:
Kvasir-SEG [15] and ISIC 2017 [8], which respectively consist of endoscopic polyp
images and dermoscopic skin lesion images with pixel-level annotations. These
datasets contain 1000/2000 image-mask pairs, respectively. We partition Kvasir-
SEG into an 8:1:1 ratio for training, validation, and testing, while ISIC 2017 is
partitioned in advance, provided by the dataset providers.

Implementation. RGSS uses Adam optimizer with learning rate of 4e-3 for a
batch size of 16. Hyperparameters €g/emaz/Tmin/Tmaz/T are set as 20/200/1/7
/0.5 and Ry pretraining follows the settings in [26]. To assess the generalizability
of RGSS, we use 4 backbone models: U-Net [21], U-Net++ [33], LinkNet [5], and
DeepLabv3 [6].

Baselines & Evaluation. We provide an extensive analysis of RGSS using
other notable frameworks: SpatialCorrection(SC) [30], RMD [10] (Extension of
[16] to segmentation), and SegRefiner [26]. For fair comparison, SegRefiner is
applied iteratively per epoch. Performance is evaluated using mean Intersection-
over-Union (mlIoU) and mean Dice (mDice). To simulate noise, structured per-
turbations are added to ground-truth masks for each dataset using random mor-
phological operations at ratios of 0/25/50%. Specifically, we iteratively apply
region-wise dilation and erosion with randomly sampled elements (rectangular,
circular, or elliptical) of size 3 or 5. Within randomly selected spatial windows,
morphological transformations and stochastic pixel flips are performed to gen-
erate spatially coherent boundary distortions and shape variations. The process
is repeated for up to 200 iterations and ends early once the results achieve an
IoU of at least 0.5 with respect to the original mask to avoid extreme corruption
that would break semantic integrity.
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Table 1: Segmentation performance of RGSS and baseline methods.

Kvasir-SEG [15 ISIC 2017 [8]
Method 0% 25% 50% 0% 25% 50%
mloU | mDice | mIoU | mDice | mIoU | mDice | mIoU | mDice | mIoU | mDice | mIoU | mDice
U-Net [21] 83.35 | 90.32 | 78.56 | 87.19 | 74.87 | 84.41 | 86.66 | 91.89 | 81.81 | 88.39 | 78.84 | 85.59
+SC [30] 80.01 | 88.24 | 77.34 | 86.50 | 76.40 | 85.81 | 82.97 | 89.77 | 80.79 | 87.86 | 79.31 | 86.21
+RMD [10] 83.49 | 90.74 | 80.47 | 88.91 | 75.10 | 84.93 | 86.74 | 91.91 | 83.91 | 89.83 | 79.77 | 87.60

+Segrefiner [26] | 83.26 | 89.05 | 78.26 | 87.03 | 77.17 | 85.90 | 86.21 | 91.51 | 82.55 | 89.07 | 81.22 | 88.95
+RGSS(Ours) |85.01 | 91.45 |83.73 | 90.06 | 80.68 86.25 |88.19|93.71|86.07|91.00 | 83.97 | 89.54
U-Net++ [33] 84.17 | 90.76 | 79.57 | 87.94 | 73.16 | 83.35 | 87.33 | 92.30 | 82.21 | 88.77 | 79.60 | 86.43
+SC [30] 79.99 | 88.08 | 78.24 | 87.06 | 77.47 | 87.48 | 85.39 | 90.94 | 81.79 | 88.69 | 80.49 | 86.99
+RMD |[10] 84.45 | 91.01 | 81.01 | 88.50 | 74.27 | 84.43 | 87.80 | 92.79 | 84.58 | 90.76 | 80.32 | 86.88
+Segrefiner [26] | 83.87 | 90.11 | 79.64 | 88.20 | 78.00 | 87.56 | 87.17 | 92.49 | 82.30 | 88.79 | 81.69 | 87.94
+RGSS(Ours) |85.97 | 91.66 |84.11| 90.54 | 81.37 88.43 |89.79|94.91 |87.06 | 92.00 | 84.42 | 90.53

LinkNet [5] 85.58 | 91.60 | 78.97 | 86.94 | 75.58 | 85.41 | 86.69 | 91.87 | 81.73 | 88.44 | 77.29 | 85.87
+SC [30] 78.90 | 87.82 | 78.47 | 86.79 | 77.13 | 86.62 | 84.40 | 90.14 | 80.20 | 87.23 | 79.99 | 87.09
+RMD [10] 85.72 | 91.77 | 81.32 | 88.01 | 75.87 | 85.75 | 86.88 | 91.98 | 84.27 | 90.12 | 78.76 | 86.21

+Segrefiner [26] | 84.61 | 90.52 | 79.33 | 87.51 | 78.34 | 86.81 | 86.09 | 91.44 | 82.26 | 88.64 | 81.81 | 88.04
+RGSS(Ours) |86.40 | 91.94 (84.04 | 90.20 | 82.01 88.99 |88.37|93.85 |86.71|91.84 |84.61 | 90.63
DeepLabv3+ [6] | 83.87 | 90.65 | 79.71 | 87.93 | 76.41 | 85.79 | 87.19 | 92.25 | 82.44 | 88.61 | 78.92 | 85.57
+SC [30] 79.87 | 87.86 | 79.52 | 87.60 | 78.86 | 86.59 | 85.15 | 90.85 | 82.15 | 88.43 | 80.85 | 88.17
+RMD [10] 84.57 | 90.88 | 81.19 | 88.49 | 77.07 | 86.00 | 87.53 | 92.61 | 84.53 | 90.77 | 81.41 | 89.24
++Segrefiner [26] | 83.62 | 90.44 | 80.64 | 88.52 | 79.20 | 87.39 | 87.02 | 92.02 | 83.48 | 89.22 | 82.57 | 89.75
+RGSS(Ours) |85.70| 91.20 (83.95|90.14 | 81.17 88.61 |89.36 | 94.27 |87.50|92.36 | 85.05 | 91.06

Table 2: Ablation study on the effect of co-training, diffusion step and ﬁi(k). The results
were obtained from the Kvasir-SEG experiment for 50% noise setting.

Method U-Net [21] U-Net++ [33]
Co-training  Diffusion step ,Bl.(k) mloU mDice mloU mDice
X X X 7487 8441 | 7316  83.35
v x x 75.10  84.93 | 74.27  84.43
v Trnas v 7876 85.97 | 79.71  88.03
v T x 7815  85.63 | 79.43  87.89
v Ty v 80.68 86.25 | 81.37 88.43

4.2 Quantitative Results

Comparison with baselines. Tab. 1 shows that RGSS achieves superior per-
formance across all baselines, highlighting strong generalizability and powerful
model-agnostic properties. In particular, RGSS yields an average of +2.75% in
mloU and +1.30% in mDice under 50% noise settings compared to the second-
best results. Notably, RGSS outperforms other baselines even on the original
clean dataset, suggesting that it effectively models intrinsic annotation variabil-
ity beyond synthetic perturbations. Hence, RGSS generates effective supervision
that demonstrates strong robustness compared to other baseline models.

Ablation Study. Tab. 2 emphasizes the impact of co-training, adaptive diffu-
sion, and blending by ﬂi(k). Accordingly, co-training yields average improvements
of 0.67% and 0.80% in mIoU and mDice, respectively. The results also demon-
strate that diffusion-based refinement significantly improves learning; in particu-
lar, rows 3 and 5 show that controlling diffusion step T via noise severity further
enhances performance through noise-aware correction. Furthermore, supervision
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Fig. 3: (a) Visualization of generated labels on Kvasir-SEG. For mask y, RED indi-
cates under-annotated regions, while BLUE indicates over-annotated regions (b) Loss
distribution of clean and noisy samples before and after training.
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Fig. 4: Segmentation results of different models on Kvasir-SEG and ISIC 2017.

constructed via blending shows superior results, establishing the efficacy of our
supervision in alleviating confirmation bias. (Row 4 and 5)

4.3 Qualitative Results

Visualization. Fig. 3a illustrates the efficacy of our framework. Mask y visu-
alizes annotation inconsistencies: red indicates under-annotated regions, while
blue indicates over-annotated regions. With Ry, 9 eliminates major discrepan-
cies in y, but at the cost of boundary-level details. Our final target gy integrates
My, , (x;) to restore fine details and subtle protrusions. Red circles indicate salient
details of §. Notably, in row 2, § captures a polyp protrusion omitted in y. This
suggests that our framework reduces overfitting to noisy labels and promotes
predictions aligned with image-level evidence. Such properties facilitate robust
boundary perception, contributing to the superior results shown by Fig. 4.
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Model Behavior. Fig. 3b depicts the empirical pdf of the per-sample losses for
epochs ey and e;,,4,. The plot demonstrates how the final target ¢ for the noisy
subset ultimately aligns with the clean label distribution after e,,,, training.

5 Conclusion

We propose a novel iterative training framework for robust medical segmen-
tation that explicitly accounts for mixed-quality annotations via supervision
reconstruction. By introducing a diffusion-based refinement strategy to correct
perturbed labels and adequate blending of complementary information via co-
training to update training targets, our framework progressively realigns cor-
rupted labels toward a unified clean-label distribution. Extensive evaluation on
multiple datasets and backbones confirms the effectiveness of our method.
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