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Abstract

Creating reference annotations for semantic segmentation in medical images is a labor-
intensive process, where experts often disagree on the precise location of the boundary
between semantic structures. Hence, noisy labels in medical image segmentation tasks
are pervasive. A popular approach to tackling noisy labels is to use robust loss functions
that are resilient to noise. Meanwhile, the introduction of nnU-Net has highlighted the
critical role that a well-configured combination of data augmentation, model architecture,
and inference pipelines play in medical image segmentation. However, the potential of
such strong baselines to mitigate the impact of label noise and the additional advantage
of using a robust loss function has not been thoroughly explored. Most studies propos-
ing robust loss functions, often with tunable hyper-parameters, have shown their efficacy
either with a custom U-Net architecture, or without hyper-parameter optimization. By
thorough benchmarking using a standardized nnU-Net framework, along with indepen-
dent hyper-parameter optimization, we found that stochastic co-teaching based small-loss
sample selection and active-passive loss comprising normalized generalized cross-entropy,
reverse cross entropy, and Dice loss are useful for robust segmentation in applications with
high label noise. For segmentation tasks characterized by minimal label noise, none of
the robust loss functions demonstrate performance improvements over a well-established
baseline model. Our results highlight the need for benchmarking with strong baseline mod-
els, even when proposing a new robust loss function that is architecture and framework
independent.

Keywords: Medical image segmentation, Noisy labels, Robust loss

1. Introduction

Accurate semantic segmentation (Antonelli et al., 2022) in medical images can be challeng-
ing because of the inherent ambiguity in expert annotations. Delineating the boundaries of
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anatomical structures and anomalies is a subjective process, often resulting in considerable
interobserver variability (Karimi et al., 2020). This variability, coupled with the demanding
nature of manual labeling (Wang et al., 2021), leads to the frequent presence of imprecise
or inconsistent reference standard in segmentation datasets. Addressing the consequences
of such label noise has been a long-standing focus in the field, as it can significantly degrade
the performance of deep learning models.

Widely adopted strategies to counteract the detrimental effects of supervision with noisy
labels include using loss functions that implicitly avoid overfitting to noise or using explicit
sample-selection strategies that avoid noisy samples for loss computation. These strate-
gies have been jointly referred to as robust loss functions in the rest of the manuscript.
They are designed to reduce the influence of mislabeled or uncertain voxels during training,
thereby promoting more reliable loss computation. Various robust loss functions (Zhang
and Sabuncu, 2018; Ma et al., 2020; Gonzalez-Jimenez et al., 2025; Han et al., 2018; Yu
et al., 2019; de Vos et al., 2023), often equipped with tunable parameters, have been intro-
duced and evaluated, typically within the context of a custom U-Net architecture. While
these studies have provided valuable insights, the landscape of medical image segmentation
has undergone a significant shift with the emergence of nnU-Net (Isensee et al., 2020, 2024)
as a state-of-the-art segmentation framework for a wide variety of segmentation tasks. It
has shifted the focus from architectural novelty to meticulous self-configuration of networks.

Given that many robust loss functions were proposed prior to the widespread adoption
of nnU-Net, it is important to re-examine their relevance and effectiveness in the current
landscape. In this work, by conducting comprehensive experiments on multiple medical im-
age segmentation datasets, we aim to clarify whether robust loss functions offer advantages
beyond what is already achieved by a strong baseline.

2. Methods

For training our models, we use a standard nnU-Net (Isensee et al., 2020) architecture with
large residual encoder configuration (Isensee et al., 2024). We also use the standardized
sliding window inference with the framework’s default test-time augmentation.

We use nnU-Net model with a compound loss function comprising cross-entropy (CE)
and Dice loss (LCE + LDice) to provide us a Baseline. This configuration has previously
been shown to be a strong benchmark in multiple applications (Khened et al., 2019; Isensee
et al., 2020; Ma et al., 2021).

2.1. Benchmarking robust loss functions

We include three broad categories of robust loss functions: variants of Active-Passive losses
(APL) (Ma et al., 2020), variants of sample selection strategies for robust loss computa-
tion (Han et al., 2018; de Vos et al., 2023; Yu et al., 2019), and model calibration based
loss that offer robustness to noise as an auxiliary effect (Islam and Glocker, 2021). Further-
more, we explore a hybrid robust loss function that combine the above strategies. Finally,
we performed independent optimization of the hyper-parameters involved in these robust
losses, which we observed was often not investigated in validating robust loss functions.

Variants of APL: In this category, we include loss function combinations that were
designed to boost each other so that the resulting composite losses are both robust to noise
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and avoid underfitting (Ma et al., 2020). We consider two composite loss functions in this
category:
i) APL1: Our first composite APL is a combination of reverse CE loss (RCE) and normalized
CE (NCE) loss as suggested in (Ma et al., 2020). Let x denote the voxel-wise input and
y the corresponding manually annotated label corresponding to one of K categories. We
denote the one-hot encoding distribution of manually annotated labels by q(k|x), where
k ∈ 1, ...,K classes. By definition,

∑K
k=1 q(k|x) = 1. For computational purposes (i.e.

avoiding to compute log(0)), we set q(k ̸= y|x) = δ, where 0 < δ ≪ 1. We denote the
voxel-wise model predictions by p(k|x). RCE and NCE can be mathematically denoted
as:

LRCE = −
K∑
k=1

p(k|x) log q(k|x) (1)

LNCE =
LCE(x, y)∑K
j=1 LCE(x, j)

(2)

where LCE(x, j) is the CE loss, computed as:

LCE(x, j) = −
K∑
k=1

q(y = j|x) log p(k|x) (3)

Originally, the active-passive loss was formulated as LRCE + LNCE . However, we also
add a third Dice loss term, reflecting the fact that the Baseline includes Dice loss. Thus:

LAPL1 = LRCE + LNCE + LDice (4)

ii) APL2: Our second composite APL again consists of RCE and Dice loss terms.
However, it also includes normalized generalized cross entropy (NGCE), which uses GCE
formulation introduced in Zhang and Sabuncu (2018) together with the loss normalization
process introduced in Ma et al. (2020). LGCE(x, j) for j ∈ [1,K] is defined as following:

LGCE(x, j) =
1−

∑K
k=1 q(y = j | x)

(
p(k | x)

)w
w

(5)

Here, w ∈ (0, 1] is a tunable hyper-parameter. NGCE is obtained by normalizing GCE,
following normalization in Equation 2. Thus:

LAPL2 = LRCE + LNGCE + LDice (6)

Sample-selection strategies: In this category, we include peer network-based cross-
training strategies that compute loss, robust to noisy labels realized through the selection
of small-loss instances. The underlying loss function for training each peer-network is sim-
ilar to our Baseline model (LCE + LDice). We consider three robust loss functions in this
category:
i) Co-teaching loss (CoT) (Han et al., 2018): Performs cross-training of two deep-learning
networks. For training, each of the two networks selects small-loss instances of its peer
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network. The threshold for selecting small-loss instances (R(τ)) is chosen to reflect the ex-
pected noise level (τ). For unknown noise levels, as is often the case in medical applications,
R(τ) ∈ [0, 0.1] is a tunable hyper-parameter;
ii) Co-teaching+ loss (CoT+) (Yu et al., 2019): During the training process, peer networks
reaching consensus is sub-optimal, as it diminishes their ability to select noise-free samples
for each other. To prevent the two peer networks to converge and reach consensus, CoT+
performs cross-training of two deep-learning networks exclusively exploiting disagreements
between the two networks. Here as well, the threshold for selecting small-loss instances
R(τ) ∈ [0, 0.1] is the hyper-parameter in this approach;
iii) Stochastic co-teaching loss (StoCoT) (de Vos et al., 2023), is a variant of CoT strategy,
where the cross-training of two deep-learning networks is based on small-loss instances se-
lected using stochastically chosen thresholds drawn from a Beta-distribution (Beta(α, β)).
The stochastically chosen thresholds for noisy sample selection have demonstrated effective-
ness in preventing the two peer networks from reaching consensus. In this approach, the
hyper-parameters are α ∈ [0.5, 8] and β ∈ [0.5, 8], with a logarithmic search-space for both
hyper-parameters.

Model calibration-based losses: In this category, we include Spatially varying label
smoothing loss (SVLS) (Islam and Glocker, 2021), a loss function that has been designed
for improved model calibration in image segmentation tasks, which has shown performance
improvements in segmentation tasks. SVLS is a soft labeling technique that captures the
spatial uncertainty to counteract the segmentation network’s tendency to be overly confi-
dent. In this method, the one-hot encoded labels g(k|x) are smoothed to g(k|x)SV LS as
follows:

g(k|x)SV LS =

∑
∀j∈Nx

g(k|x)×Wj∑
∀j∈Nx

Wj
(7)

Here, Nx denotes the neighbourhood of voxel x. Wj denotes the weights of a discrete
spatial Gaussian kernel (G(θ)) centered at x. In our implementation, the size of Nx was
chosen as 3 × 3 × 3. The spread of the kernel G(θ) ∈ [0.2, 2] is a hyper-parameter of this
approach.

Hybrid robust loss function: We explore a hybrid robust loss (HRL) function, which
is constructed by combining losses from the aforementioned categories. Since many such
combinations are possible, we restrict our choice to only one comprising the most recently
developed method within each category. For the Hybrid robust loss function we use StoCoT
based cross-training of two deep-learning networks, with the composite loss of LRCE +
LNGCE + LDice (LAPL2 in Equation 6) used to train each peer network. Furthermore, we
use SVLS-based smoothed one-hot encoded labels (Equation 7) for training.

nnRobustLoss framework: The code for each of these robust loss functions, along
with their integration into the nnU-Net framework and a self-configuring hyper-parameter
tuning framework (as described in Section 3.2), is available at https://github.com/88vikram/
nnRobustLoss.1

1The repository will be made openly accessible upon acceptance of the manuscript.
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3. Experimental setup

3.1. Segmentation tasks and Datasets

For benchmarking performance of different robust loss functions, we included three segmen-
tation tasks that have noisy training labels, with images differing in imaging modality and
anatomical coverage.
i) Segmentation of Hypoxic-Ischemic Encephalopathy lesions in Neonatal Brain Diffusion-
Weighted Imaging (HIE lesion segmentation) (Murphy et al., 2017);
ii) Segmentation of heart chambers and myocardium in cardiac CT angiography (Heart
Segmentation) (Bruns et al., 2022; Zhuang et al., 2019);
iii) Segmentation of Kidney, renal tumors and cysts in contrast-enhanced abdominal CT
(Kidney tumor segmentation) (Myronenko et al., 2023).

For details regarding the patient demographics, scanning protocols, and scanner spec-
ifications, we refer to the original publications describing each dataset. Each dataset was
approved for use by the local institutional Medical Research Ethics Committee.

1. HIE lesion segmentation:

Dataset: We used Neonatal Brain Diffusion-Weighted Imaging (DWI) dataset for this task.
HIE causes diffuse lesions in neonatal brains, making demarcation highly challenging. These
lesions have profound implications for patients’ developmental outcomes, highlighting the
importance of accurate automatic segmentation. Our dataset consists of 1.5T Neonatal
Brain MRI dataset from Utrecht UMC, used previously in Murphy et al. (2017) (n = 20).
Labels: Since diffuse lesions are particularly challenging to segment and often subject to
interpretation differences, it was important to assess the degree of inter-observer variabil-
ity (Murphy et al., 2017). Therefore, the diffuse lesions were annotated independently by
two medical experts (one highly experienced and one less experienced). Noisy labels con-
sisted of labels from multiple annotators: n = 14 by the highly experienced annotator and
n = 6 by the less experienced annotator. This was done to emulate a realistic situation
with multiple annotators involved in annotating mutually exclusive subsets of the dataset.
However, only the annotation masks of the highly experienced annotator were used as ref-
erence labels for model evaluation.
Evaluation: To evaluate performance of different networks trained on this dataset, we com-
puted the Dice overlap and Average surface distance (ASD) between the automatically
segmented target class and its reference label.

2. Heart segmentation:

Dataset: We used Cardiac CT angiography dataset for this task. Automatic segmenta-
tion of heart chambers and myocardium (left ventricle, right ventricle, left atrium, right
atrium, myocardium) enables an quantitative assessment of cardiac anatomy (Chen et al.,
2020). This could be of particular importance for patients undergoing cardiac intervention
or surgery. We hence included patients with abnormal heart function by combining the pub-
lic dataset from the multi-modal whole heart segmentation (MM-WHS) challenge (Zhuang
et al., 2019) (n = 20) and the Amsterdam UMC dataset of patients who had been selected
for transcatheter aortic valve implantation (TAVI) as described by Bruns et al. (2022)
(n = 24).
Labels: Combining the two datasets for training ensured a natural variation in reference
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labels as they were labeled by multiple annotators from different institutions. Furthermore,
given that it takes approximately 5 hours per CT volume to perform these annotations
manually, the annotations in the Amsterdam UMC dataset were initially performed by an
annotator with limited expertise, which were later reviewed and corrected by an expert
radiologist. We retained the labels of the inexperienced annotator as noisy labels in our
experiments and used the corrected annotations as reference labels for evaluation.
Evaluation: The Dice overlap and ASD metrics were again computed between the automat-
ically segmented target class and its reference.

3. Kidney tumor segmentation:

Dataset: We used contrast-enhanced abdominal CT dataset for this task. Kidney cysts
and tumors are most often discovered incidentally during cross-sectional imaging, rather
than on the basis of symptoms. There is hence an unmet clinical need to robustly detect
these abnormalities in CT images. For this task, we utilized the dataset from the MICCAI
KiTS2023 challenge (Myronenko et al., 2023) consisting of n = 489 CT scans with their
respective reference labels, including the kidney, tumor, and cyst classes.
Labels: To simulate noisy labels in this well-curated dataset, we artificially corrupted the
labels along the boundaries of the target structures by randomly performing a morphological
dilation or erosion of the segmentation masks. The original labels in the KiTS2023 training
dataset were used as reference labels for model evaluation.
Evaluation: The evaluation in this dataset was in accordance with the recommendation of
the KiTS2023 challenge, where the evaluation was done on hierarchical classes, rather than
on each target class by itself. The hierarchical classes were: Kidney + Tumor + Cyst,
Tumor + Cyst, and Tumor. The evaluation metrics computed in these hierarchical classes
were Dice and Surface Dice (Nikolov et al., 2021).

3.2. Model training and Hyper-parameter tuning

We trained models in a 3-fold cross-validated manner with the aforementioned Baseline and
robust loss functions using noisy labels. Furthermore, we also trained our Baseline model
on reference labels for each of these tasks, to provide an approximate upper-bound for the
models trained on noisy labels.

The Baseline model, and the APL1 robust loss had no tunable hyper-parameters. For
each approach that required hyper-parameter tuning, the optimum hyper-parameters were
estimated in the training set using Optuna’s hyper-parameter optimization framework (Ak-
iba et al., 2019). With Optuna, we used 30 iterations of Tree-structured Parzen estima-
tor (Watanabe, 2025) to explore the hyper-parameter search space. For each iteration, a
model was trained with the selected hyper-parameter(s), for 50 epochs. We identified the
optimal hyper-parameter settings that maximized the model’s exponential moving average
(EMA) of pseudo Dice computed in the training dataset after 50 epochs of training.

EMAt = λ · EMAt−1 + (1− λ) · Pseudo Dicet (8)

Here, t stands for the epoch number and Pseudo Dice is the Dice metric computed on
patches sampled from the training dataset in the current epoch. The default value of λ = 0.9
was used. While the nnU-Net framework computes EMA over the validation dataset, our
implementation instead computes this metric for the training dataset for hyper-parameter
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optimization. Our decision to perform hyper-parameter optimization within the training
dataset rather than using an independent validation dataset was motivated by two key
considerations. First, the noise in the labels was not uniformly distributed across the entire
dataset. As a result, selecting an independent validation set for hyper-parameter tuning
would introduce variability and potentially biasing the optimization process. Second, to
avoid the substantial computational burden associated with nested cross-validation of large
residual encoder nnU-Nets. Once the optimum model hyper-parameters were estimated,
we trained the nnU-Net with large residual encoder for 200 epochs with the chosen hyper-
parameters. Testing was always performed on the held-out test data within each fold of
cross-validation.

4. Results

4.1. Label noise quantification

For the HIE lesion segmentation, the mean Dice overlap between the annotations of less
experienced and expert annotators was 0.56, reflecting substantial variability. Quantifying
this disagreement is important because it illustrates the intrinsic ambiguity of diffuse lesion
boundaries and highlights the inherent complexity and subjectivity involved in delineating
diffuse lesions.

For the Heart segmentation, annotations provided by the inexperienced annotator were
compared to the corrected reference annotations. The mean Dice overlap across all cardiac
structures was found to be 0.96, indicating a high degree of agreement. The observed
disagreements were primarily due to the thickening of papillary muscles in some patients,
as well as inconsistent delineation of the boundary between the right ventricle and right
atrium. These factors contributed to variability between the annotator and the reference
standard. This high agreement provides a strong motivation for evaluating noise robustness
in this task, as it represents a realistic low-noise setting in which robust loss functions might
offer limited benefit.

For the segmentation of kidney tumor, since synthetic noise was added, the noise level
was chosen to match the noise observed in the heart segmentation task as measured by the
Dice overlap. Consequently, the mean Dice overlap in this task was also 0.96.

4.2. Hyper-parameter stability and Benchmarking results

Figure 1 shows the variation in achieved Pseudo Dice within the training dataset for different
choices of hyper-parameters, across all three folds of cross-validation. It illustrates the
sensitivity of different robust loss functions to their hyper-parameter choices, with CoT
being the most sensitive. Among robust loss functions based on sample-selection strategies,
StoCoT was the most resilient to hyper-parameter variation across different tasks.

Table 1 compares the mean evaluation metrics computed across all target classes and
over the three cross-validation folds, using self-configured hyper-parameters where relevant.
In the HIE lesion segmentation task, StoCoT, APL2, and HRL strategies outperformed the
Baseline trained on noisy labels as well as on reference labels. Moreover, APL1 and CoT
outperformed the Baseline model trained on noisy labels based on the Dice metric.
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Figure 1: Hyper-parameter stability: Distribution of Pseudo Dice EMA values across dif-
ferent methods for three medical imaging datasets. Abbreviations: APL - Active-
passive loss; CoT - co-teaching; StoCoT - Stochastic co-teaching; SVLS - spatially
varying label smoothing; HRL - Hybrid robust loss.

Table 1: Quantitative comparison of segmentation performance across all methods and
tasks trained on noisy labels. Baseline (ref.) refers to the Baseline model trained
on reference labels without noise. Abbreviations: ASD - Average surface distance;
APL - Active-passive loss; CoT - co-teaching; StoCoT - Stochastic co-teaching;
SVLS - spatially-varying label smoothing; HRL - Hybrid robust loss.

Method
HIE Lesion Heart Kidney Tumor

Dice ↑ ASD ↓
(mm)

Dice ↑ ASD ↓
(mm)

Dice ↑ Surface
Dice ↑

Baseline (ref.) 64.00 1.40 92.45 0.96 85.41 73.92

Baseline 63.33 1.31 92.22 1.00 84.94 71.07
APL1 (Eq. 4) 63.89 1.30 92.13 1.00 80.94 66.85
APL2 (Eq. 6) 64.05 1.32 92.25 0.99 82.95 69.91

CoT 63.53 1.23 92.14 1.00 84.23 70.47
CoT+ 62.25 1.15 92.12 1.00 83.28 70.32
StoCoT 64.66 1.17 92.12 1.00 83.49 69.41
SVLS 62.36 1.02 91.98 1.02 74.32 56.91
HRL 64.23 1.31 92.05 1.02 80.22 64.76

All reported methods achieved better performance than the less experienced rater (with
a Dice overlap of 0.56), whereas this could not be achieved in previous work on HIE lesion
segmentation (Murphy et al., 2017) with a custom U-Net architecture further highlighting
the importance of the nnU-Net framework.
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In the Heart Segmentation task, APL2 was the only loss function that marginally out-
performed the Baseline model trained on noisy labels, while none of the robust loss functions
outperformed the Baseline in the Kidney Tumor segmentation task. The reported measures
in the Heart Segmentation task exceeded those reported by Bruns et al. (2022), suggesting
that these models are ready for large-scale validation in clinical studies where robust failure
detection (Zenk et al., 2025) could play an important role. In the Kidney Tumor task, the
results are not directly comparable with the KiTS2023 leaderboard, as our evaluation is
based on 3-fold cross-validation in the training dataset, whereas the leaderboard reflects
performance on previously unseen test data.

We noted that model performance with SVLS loss was consistently lower than that of
other models, indicating the effect of model calibration on model performance. Table 2
compares target class-wise model performance for two models that includes model cali-
bration loss: SVLS and Hybrid robust loss. The results suggest that combining different
noise-robustness strategies with model calibration offers a balance between the two.

Table 2: Segmentation performance for all target classes, comparing SVLS loss and Hybrid
robust loss-based models. Abbreviation: SVLS - spatially varying label smoothing;
ASD - Average surface distance; LV - Left Ventricle; RV - Right Ventrice; LA -
Left Atrium; RA - Right Atrium; Myo - Myocardium.

Dataset
Target Class

SVLS Hybrid Robust Loss

HIE Lesion Dice ↑ ASD (mm) ↓ Dice ASD (mm) ↓
Lesion 62.36 1.02 64.23 1.31

Heart Dice ↑ ASD (mm) ↓ Dice ASD (mm) ↓
LV 92.81 0.89 92.78 0.89
RV 90.60 1.24 90.68 1.23
LA 93.77 0.89 93.77 0.95
RA 92.07 1.23 92.37 1.19
Myo 90.63 0.83 90.65 0.83

Kidney Tumor Dice ↑ Surface Dice ↑ Dice Surface Dice ↑
Kidney 95.14 83.11 94.79 83.5
Cyst 65.04 44.24 71.75 53.6
Tumor 62.79 43.38 74.14 57.2

5. Discussions

In this work, we systematically investigated the robustness to reference label noise of a Base-
line nnU-Net model and compared it with several robust loss functions specifically designed
to handle noisy labels. The segmentation tasks spanned multiple anatomical structures (kid-
ney, heart), pathologies (diffuse brain lesions, kidney cysts & tumors), and imaging modal-
ities (CT, MRI). In the process, we performed a rigorous and unbiased hyper-parameter
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estimation for different robust loss functions. Our self-configuring hyperparameter estima-
tion framework (nnRobustLoss), is compatible with the nnU-Net segmentation framework,
allowing future studies to adopt it readily using our publicly available code. Our results
demonstrate that the Baseline nnU-Net model is remarkably robust to label noise for low
levels of noise present in Heart and Kidney segmentation tasks. Despite the strong perfor-
mance of our Baseline model, through our experiments we find that robust loss functions
remain relevant, albeit with certain caveats discussed below.

When there is too much label noise: In scenarios where reference labels are difficult
to annotate even for experts, such as delineating diffuse lesions, robust loss functions consis-
tently outperform the Baseline nnU-Net model. Approaches like stochastic co-teaching and
active-passive loss functions, which combine normalized generalized cross-entropy, reverse
cross-entropy, and Dice loss, are particularly effective. These methods also remain stable
across a wide range of hyper-parameter settings, making them suitable for applications
with variable, annotator-dependent label noise. Future work could explore combining these
robust loss functions with iterative mask update strategies (Li et al., 2021), to potentially
yield further improvements.

When model calibration is crucial: Robust loss functions that are designed to
improve model calibration, such as spatially-varying label smoothing, ensure that predicted
probabilities are reflective of true outcome likelihoods. This is particularly important in
safety-critical applications, where overconfident predictions can have serious consequences.
However, our results in Table 1 show that model calibration can lead to reduction in model
performance. With the right combination of robust loss functions, such as in our Hybrid
Robust loss, we were able to train calibrated models without a substantial reduction in
model performance (as seen in HIE lesion and Heart segmentation tasks).

When the target classes are balanced: However, all the explored robust loss func-
tions failed to outperform the Baseline model in the presence of a large imbalance in the
size of the target classes, as observed in the Kidney Tumor segmentation task. Future work
on robust loss functions could focus on addressing such imbalances in target classes.

We noted that none of the previous work that proposed loss functions for addressing label
noise had reported on hyper-parameter optimization. Consequently, model comparisons in
prior work also did not rely on optimal hyper-parameters for the competing methods, mak-
ing the resulting comparisons less reliable. This applies both to the approaches evaluated in
our study as well as to those excluded, such as Neighbour-aware Calibration Loss (Muruge-
san et al., 2025) and Robust T-loss (Gonzalez-Jimenez et al., 2025). We did not include
these robust losses because the former relies solely on CE loss and would have required
altering our LCE + LDice Baseline, whereas the latter was developed for 2D segmentation
and does not readily extend to 3D tasks. As our results show, independent hyper-parameter
optimization, fair and methodologically consistent comparison with prior work are essential
for meaningful progress in developing robust loss functions.

In conclusion, our experiments demonstrate that robust loss functions remain valuable in
medical image segmentation, particularly in settings with substantial label noise or where
calibrated predictions are essential. Our results underscore the importance of rigorous
benchmarking against well-configured baselines and provide an openly available evaluation
framework to support future advances in robust learning under label noise.
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