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ABSTRACT

Deep learning models have shown strong performance in medical image segmen-
tation. But their integration into clinical practice has been slow, largely due to the
lack of reliable uncertainty estimates. In medical imaging, uncertainty arises not
only from the input data, but also from inter-rater variability in annotations. Most
existing multi-rater segmentation approaches focus on modeling label disagree-
ment through probabilistic outputs, without providing explicit uncertainty esti-
mates. We propose Trusted Multi-Rater Segmentation (TMS), a novel algorithm
that integrates evidential deep learning into multi-rater medical image segmen-
tation. TMS treats network outputs associated with each annotator as subjective
opinions, represented as parameters of the Dirichlet distribution, and combines
them using weighted belief fusion from subjective logic. Unlike prior methods,
TMS produces both probabilistic segmentations and explicit, interpretable uncer-
tainty estimates. We demonstrate state-of-the-art performance in the optic disc and
cup segmentation tasks using the RIGA dataset, as well as lung nodule segmenta-
tion using the LIDC dataset. Moreover, we go beyond conventional performance
measures by explicitly evaluating the quality of uncertainty estimates, showing
that TMS exhibits strong uncertainty-awareness.

1 INTRODUCTION

Recent advances in deep learning (DL) have led to impressive progress across various medical image
segmentation tasks. However, integration into clinical practice remains limited. High performance
alone is not enough to gain the trust of experts, especially in a safety-critical field like healthcare.
Neural networks are often overconfident, producing incorrect predictions with high confidence (Guo
et al., 2017; Nguyen et al., 2015). Meanwhile, providing a reliable uncertainty estimate would allow
a network to signal possible errors in its predictions. As a result, there is growing interest in the
uncertainty quantification (UQ) task, which aims to improve the reliability of a model by enabling
it to identify challenging cases and to defer final decisions to human experts.

Uncertainty, according to its sources, is generally categorized into two main types (Der Kiureghian
& Ditlevsen, 2009). Epistemic uncertainty (EU) arises from a lack of knowledge; thus, it can be
reduced by increasing the amount of training data or by adopting a more suitable model architecture.
Aleatoric uncertainty (AU) is associated with inherent randomness in the data and is irreducible. As
mentioned by Lambert et al. (2024), in medical image analysis, AU may stem not only from input
data, but also from manual annotations, due to inter-rater variability. This has led to the emergence
of multi-rater image segmentation, where multiple, potentially conflicting, annotations are available
for each image.

A common strategy in multi-rater image segmentation is to fuse the provided annotations into a
single binary ground-truth mask, enabling the use of standard segmentation approaches. Popular
fusion methods include majority voting and STAPLE (Warfield et al., 2004). However, as reported
by Jungo et al. (2018), models trained on fused ground-truth masks exhibit overconfidence and tend
to underestimate the uncertainty present in the original annotations.

Recently, there has been a growing interest in learning strategies for multi-rater image segmentation.
These include label-sampling (Jungo et al., 2018), using separate decoders for each rater (Hu et al.,
2023), as well as applying variational Bayesian inference methods (Kohl et al., 2018; Hu et al., 2019)
which can generate an infinite number of plausible predictions. However, most existing approaches
primarily focus on producing predictions that reflect inter-rater variability, while overlooking the
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task of explicitly estimating uncertainty. This limitation reduces their practicality in clinical settings,
where understanding model confidence is essential for informed decision-making.

In this paper, we propose a new multi-rater medical image segmentation algorithm that simultane-
ously captures inter-rater variability and provides reliable uncertainty estimates. Our approach is
based on evidential deep learning (EDL) (Sensoy et al., 2018)—a deterministic UQ framework that
models a distribution over categorical distributions. EDL enables the model to express a lack of
evidence, or, in other words, to say “I do not know,” when faced with unfamiliar data.

To capture rater-specific behavior, we allocate distinct output channels for each individual annotator.
Within the EDL framework, these outputs are interpreted as subjective opinions, each expressing
both a prediction and its associated uncertainty. These opinions are subsequently combined using
the weighted belief fusion (WBF) principle from subjective logic (SL) (Jøsang, 2016), enabling an
uncertainty-aware aggregation of multiple subjective opinions into a combined opinion.

The key contributions of this work are as follows. 1. We propose Trusted Multi-Rater Segmentation
(TMS)—an intuitive and interpretable learning pipeline for multi-rater medical image segmentation
that leverages EDL and SL. To our knowledge, our approach is the first to apply EDL in a multi-rater
setting. 2. Our model produces probabilistic segmentation maps and simultaneously quantifies EU
and AU in a single forward pass. 3. We achieve state-of-the-art (SOTA) results for the tasks of optic
disc and cup segmentation on the RIGA dataset, and for lung nodule segmentation on the LIDC
dataset. 4. We go beyond conventional performance measures by explicitly evaluating the estimated
uncertainty values, providing a more comprehensive assessment of the reliability of the model.

2 RELATED WORK

2.1 EVIDENTIAL DEEP LEARNING FOR UNCERTAINTY QUANTIFICATION

While model output probabilities are often interpreted as confidence scores, they tend to be miscali-
brated and may not reflect true likelihoods (Lambert et al., 2024). Gawlikowski et al. (2023) classify
UQ approaches into four main types: single deterministic methods (Malinin & Gales, 2018; Sensoy
et al., 2018; Raghu et al., 2019), Bayesian methods (Blundell et al., 2015; Gal & Ghahramani, 2016),
ensemble methods (Lakshminarayanan et al., 2017), and test-time augmentation methods (Ayhan &
Berens, 2018). These methods differ in terms of computational requirements, need for architectural
modifications, and types of uncertainty captured.

EDL (Sensoy et al., 2018) is a deterministic UQ approach based on Dempster–Shafer theory (DST)
of evidence (Dempster, 1968) and SL (Jøsang, 2016). The network predicts non-negative evidence
values for each class, which are then used to form the parameters of a Dirichlet distribution over
categorical outcomes. This enables the model to represent both class-wise belief and overall uncer-
tainty, instead of producing only a point estimate as in softmax-based networks. Applications of
EDL in medical image segmentation include work by Zou et al. (2022) and Huang et al. (2021).

EDL has been extended to multi-view and multi-modal settings. A pioneering work is Trusted
Multi-View Classification (Han et al., 2021), where evidence collected from different sources is
combined using Dempster’s combination rule, also referred to as belief constraint fusion (BCF)
in SL. However, BCF may not be well suited for scenarios where the sources provide strongly
conflicting evidence, as illustrated by Zadeh’s example (Zadeh, 1996). To address this, recent studies
have explored alternative strategies for aggregating opinions from multiple sources (Liu et al., 2022;
Xu et al., 2024; Bezirganyan et al., 2025).

While there has been growing interest in applying EDL to multi-view and multi-modal tasks, where
conflict arises between input sources, we are not aware of prior work using EDL for multi-rater
image segmentation, where the conflict lies in the ground truth (GT) due to differing expert opinions.

2.2 MULTI-RATER MEDICAL IMAGE SEGMENTATION

A commonly adopted strategy in multi-rater medical image segmentation is to fuse individual expert
annotations into a single proxy GT mask. Popular fusion techniques include majority voting, inter-
section, union, and STAPLE (Warfield et al., 2004). However, models trained on such combined
masks often fail to capture the ambiguity in expert annotations and provide overconfident predic-
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tions (Jungo et al., 2018). Another application of traditional learning paradigms to multi-rater seg-
mentation is label sampling, where one of the annotations is randomly sampled per iteration (Jungo
et al., 2018; Jensen et al., 2019).

To better preserve the inter-rater variability, some approaches model each rater’s annotations inde-
pendently, training separate prediction heads or decoders per rater. For example, Hu et al. (2023)
propose a Bayesian neural network architecture featuring a one-encoder-multi-decoder design. The
rater-specific representation is enhanced by integrating an attention module into each decoder.

Recent methods explicitly model annotator expertise, disagreement, or bias. For instance, MR-
Net (Ji et al., 2021) incorporates prior knowledge about annotator reliability and leverages regions
of disagreement to improve performance. The Transformer-based Annotation Bias-aware (TAB)
model (Liao et al., 2023) accounts for annotator preference and stochastic errors to predict both
meta and annotator-specific segmentations.

Some approaches focus on modeling a distribution of plausible segmentations rather than producing
a single deterministic output. Probabilistic U-Net (Kohl et al., 2018) combines the U-Net architec-
ture (Ronneberger et al., 2015) with a conditional variational autoencoder, enabling the generation
of diverse segmentation hypotheses by sampling from a learned latent space. PHiSeg (Baumgartner
et al., 2019) is a hierarchical probabilistic method, where separate latent variables are used to model
the segmentation at different resolutions, leading to greater diversity in the predictions. In addition
to producing diverse samples, PHiSeg analyzes segmentation variability by computing pixel-wise
expected cross-entropy between the mean prediction and individual samples.

While existing methods provide probabilistic segmentation maps reflecting inter-rater variability or
model a distribution of plausible segmentations, explicit modeling of uncertainty—particularly with
a clear distinction between AU and EU—remains largely unexplored in the context of multi-rater
medical image segmentation. In our literature review, we identified only a few studies that attempt
to address this aspect. For instance, Hu et al. (2019) leverage inter-rater variability as a “GT” for
AU, and introduce variational dropout to capture EU. However, EU is assessed only qualitatively
through visual inspection. Gao et al. (2023) propose a Mixture of Stochastic Experts (MoSE) model
to capture multimodal AU. Each expert network models a distinct uncertainty mode, while a gating
network predicts their relevance per input. While an explicit measure of EU is not provided, the
authors assess its presence indirectly by measuring pixel-wise entropy and sample diversity across
varying training set sizes. The minimal changes observed in these scores suggest that EU contributes
negligibly to the overall predictive uncertainty.

3 METHODS

3.1 EVIDENTIAL DEEP LEARNING

EDL is grounded in DST (Dempster, 1968) and its formalization in SL (Jøsang, 2016). SL defines a
subjective opinion1 through belief masses bk for each of theK classes and an overall uncertainty u,
such that

u+

K∑
k=1

bk = 1, u ≥ 0, bk ≥ 0 for k = 1, . . . ,K. (1)

The belief mass bk is derived from the evidence ek ≥ 0 which reflects the amount of evidence
supporting class k. The belief masses bk and the overall uncertainty u are computed as

bk =
ek
S
, u =

K

S
, (2)

where S =
∑K

k=1(ek + 1). Notably, as the amount of observed evidence increases, the overall
uncertainty decreases correspondingly. A subjective opinion corresponds to a Dirichlet distribution
with parameters αk = ek+1 for k = 1, . . . ,K. Thus, S =

∑K
k=1 αk defined above is the strength of

Dirichlet. The Dirichlet distribution is a probability density function (PDF) over the possible values

1Subjective opinions also include a base rate vector a = (a1, . . . , aK)T , representing prior probabilities
over classes. In the absence of prior knowledge (as is common in DL), a uniform base rate ak = 1/K is
typically assumed. We omit base rates in our notation for simplicity.
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of a probability mass function (PMF) p (Sensoy et al., 2018). Unlike traditional neural networks,
which typically produce a single point estimate using a softmax layer, EDL models a distribution
over the categorical outputs. To enable this, the final softmax layer is replaced with an activation
function that maps the output logits to non-negative values. These outputs are interpreted as evidence
values ek for class k, from which the parameters of the Dirichlet distribution αk are derived. Once
these are obtained, the predictive class probabilities can be estimated using the mean of Dirichlet:

pk =
αk

S
. (3)

The loss function typically consists of two components. The first is the expected cross-entropy loss,
computed as the integral of the conventional cross-entropy loss over the Dirichlet distribution:

Lace(αi) =

∫ [
K∑

k=1

−yik log(pik)

]
1

B(αi)

K∏
k=1

pαik−1
ik dpi =

K∑
k=1

yik (ψ(Si)− ψ(αik)) , (4)

where αi and pi denote the Dirichlet parameters and the class assignment probabilities on a simplex,
respectively, for sample i; yik and pik are the GT label and the predicted probability, respectively, for
sample i and class k; and ψ denotes the digamma function. This loss component helps to ensure that
the evidence collected for the correct class exceeds that of the incorrect classes. However, it does
not guarantee that the evidence for the incorrect classes will be low, or more specifically, driven to
zero (Han et al., 2021). Thus, the following Kullback–Leibler (KL) divergence is introduced as the
second loss component:

KL [D (pi|α̃i) ∥D (pi|1)]=log


Γ

(
K∑

k=1

α̃ik

)
Γ(K)

K∏
k=1

Γ(α̃ik)

+
K∑

k=1

(α̃ik−1)

ψ(α̃ik)−ψ

 K∑
j=1

α̃ij

, (5)

where Γ is the gamma function, and α̃i = yi+(1−yi)⊙αi is the adjusted parameter of the Dirichlet
distribution, which is designed to prevent the evidence for the GT class from being reduced to zero.
The overall loss is given as

L(αi) = Lace(αi) + λtKL [D (pi|α̃i) ∥D (pi|1)] , (6)

where λt is a balance factor. During training, λt can be gradually increased to ensure the network
does not prioritize the KL divergence early on (Han et al., 2021).

In EDL, EU can be quantified using K/S from Equation 2 (Sensoy et al., 2018). The idea is that a
larger denominator corresponds to higher confidence and thus lower uncertainty. AU can be quan-
tified using the expected entropy of the data distribution p(y|p). A low entropy suggests the model
assigns high probability to a single class, whereas a high entropy implies a more spread-out distribu-
tion. When modeling the predictive distribution using a Dirichlet distribution, this expected entropy
can be computed in closed form. Further details regarding the estimation of uncertainty in EDL are
given by Ulmer et al. (2021).

3.2 PROPOSED APPROACH

We propose TMS, a novel multi-rater medical image segmentation network based on EDL. The
pipeline of our method is visualized in Figure 1. We model the segmentation task as a multi-label
problem, where the model predicts, for each pixel, which annotators would label it as foreground.
TMS is built upon an encoder–decoder segmentation backbone, with the output layer producing 2R
channels—foreground and background logits for each of the R annotators. These logits are turned
into non-negative evidence values via a Softplus activation, which are then transformed to parame-
terize a separate Dirichlet distribution for each rater. Thus, the network predictions corresponding
to different annotators are treated as subjective opinions. To obtain a final prediction, the individual
opinions are fused into a single opinion—equivalently, a combined Dirichlet distribution—that re-
flects the aggregated belief across annotators. It is important to note that our approach assumes each
image is annotated by the same set of annotators consistently.

To perform the fusion, we draw on the concept of belief fusion from SL, which provides a principled
framework for combining multiple subjective opinions into a unified one. Among the available
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Encoder Decoder

Input Image Evidence1 Dirichlet1

Evidence2 Dirichlet2

EvidenceR DirichletR

...
...

Weighted
Belief
Fusion

Combined
Dirichlet

Prediction Uncertainty

Figure 1: Visualization of TMS architecture. A shared encoder–decoder backbone produces rater-
specific evidence maps, which are transformed into Dirichlet distributions representing subjective
opinions. These opinions are combined using weighted belief fusion to form a combined Dirichlet
distribution, from which predictions and uncertainty estimates are derived.

fusion strategies, we adopt weighted belief fusion, which is recommended in SL for scenarios in
which multiple medical experts provide multinomial opinions over a shared set of diagnoses (Jøsang,
2016). To our knowledge, this is the first application of this fusion method within a DL framework,
applied to network-derived segmentation outputs rather than to human expert opinions. Since the
WBF operation is defined for two sources by Jøsang (2016) and is not associative, we employ the
generalized version of this fusion for multiple sources introduced by Van Der Heijden et al. (2018).
Formally, if, for a fixed pixel, erk represents the evidence collected for class k by rater r, and ur is
the associated uncertainty, then the fused opinion will correspond to the following evidence:

ek =

∑R
r=1 e

r
k(1− ur)∑R

r=1(1− ur)
. (7)

We compare WBF with two alternative fusion approaches from SL—averaging belief fusion (ABF)
and belief constraint fusion. The generalized version of ABF for multiple sources, as described
by Wang et al. (2017), is equivalent to averaging the evidence parameters obtained from each source:

ek =

∑R
r=1 e

r
k

R
. (8)

WBF assigns weights to opinions based on their associated confidence. If all opinions are equally
confident, the result is effectively an average. When one opinion is more confident and another
more uncertain, the confident opinion has more weight. Not only does WBF address the limitation
of treating all raters equally by weighting their opinions according to uncertainty, it also leverages
the correlation between uncertainty and low-quality predictions. This enables performance gains
even when the GT does not distinguish between raters. In comparison, a limitation of ABF, as
pointed out by Bezirganyan et al. (2025), is that even under strong conflict between sources, uncer-
tainty does not increase, making decisions derived from conflicting evidence appear as reliable as
those from full agreement. BCF is included in the comparison due to its prior use in multi-view
classification (Han et al., 2021), although its suitability for scenarios with conflicting beliefs has
been questioned (Jøsang, 2016; Zadeh, 1996).

For the loss function, we follow Zou et al. (2022), where the authors leverage the EDL framework
for brain tumor segmentation. The expected cross-entropy loss and the KL divergence term are
applied independently for each pixel. To accommodate the nature of segmentation tasks, Dice loss
is introduced as a third component, defined as

LDice = 1− 2yikpik + α

yik + pik + β
, (9)

where yik and pik are the GT label and the predicted probability for sample i and class k, respec-
tively, and α and β are smoothing factors. Thus, the loss function associated with rater r is

Lr =
1

N

N∑
i=1

(λtLace(α
r
i ) + λsKL [D (pr

i |α̃r
i ) ∥D (pr

i |1)]) + λpLr
Dice, (10)
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where N is the number of pixels. In our approach, we set λt to 1, λp to 0.1, and λs gradually
increases from 0 to 0.1. Our overall loss is given as

Loverall =

R∑
r=1

Lr. (11)

While providing probability estimates that reflect the level of agreement between raters is essential,
we argue that it is not sufficient for a comprehensive uncertainty analysis. Employing EDL allows
us to complement the probabilistic segmentation maps with explicit uncertainty estimates, which
enable us to assess the confidence of the network in its predictions.

Our method estimates epistemic and aleatoric uncertainty maps by applying the approaches men-
tioned in Section 3.1 at each pixel. However, a practical question when working with uncertainty
is whether the overall prediction can be trusted (Lambert et al., 2024). While our method produces
pixel-level uncertainty maps, it is crucial to aggregate these estimates into meaningful image-level
scores. A commonly used aggregation strategy is to sum or average the pixel-level uncertainty esti-
mates across the whole image. However, as pointed out by Kahl et al. (2024), for segmentation maps
containing a single foreground object, the aggregated uncertainty score tends to correlate strongly
with the size of the target object. To address this, we adopt the patch-level aggregation method
described by Kahl et al. (2024), where a sliding window moves across the image, summing the un-
certainties within each patch. The patch with the highest sum is selected, and the final image-level
uncertainty score is obtained by averaging this sum over the patch size. We acknowledge that the
optimal patch size is highly task-dependent and plan to explore more adaptive strategies in future.

4 DATASETS AND IMPLEMENTATION DETAILS

We evaluate our method on two publicly available multi-rater datasets. The first is RIGA (Almazroa
et al., 2017), a retinal optic cup and disc dataset with annotations from six glaucoma experts, pro-
viding consistent rater identities across all images. The second is LIDC (Armato III et al., 2011),
a widely used lung lesion segmentation dataset where each image is annotated by a subset of 4
out of 12 radiologists. Despite variability in annotator identity, we include it to enable meaningful
comparisons with recent multi-rater segmentation methods, particularly those modeling uncertainty.

For the segmentation backbone, we employ the DeepLabV3 model (Chen et al., 2017) with a
ResNet-101 backbone, initialized with pretrained weights. Training is performed using the Adam
optimizer (Kingma & Ba, 2015), with 200 epochs for RIGA and 100 epochs for LIDC. The model
with the lowest validation loss is selected for evaluation.

5 EVALUATION METHODS

Most existing work evaluates model predictions by measuring how well they reflect the agreement
between annotators. To this end, we report the Soft Dice score, computed by averaging the Dice
score over multiple probability thresholds. This captures how well the predicted probabilities align
with the consensus across raters. In addition, some approaches focus on modeling a distribution
of plausible segmentations, as discussed in Section 2.2. Such works commonly report the General-
ized Energy Distance (GED) and Hungarian-Matched IoU (HM-IoU). Although generating multiple
plausible segmentations is not an aim of our work, the fact that we model a distribution over categor-
ical distributions allows us to sample different segmentation outputs. We therefore report GED and
HM-IoU for comparison with prior work, since such comparisons are already limited by the lack of
explicit uncertainty evaluation in most existing approaches.

To evaluate uncertainty estimates, we first assess whether the predicted aleatoric uncertainties reflect
inter-rater variability using the Normalized Cross-Correlation (NCC), following Hu et al. (2019).
NCC measures the similarity between predicted and reference uncertainty maps, normalized by
their variance and means. The reference map is constructed by calculating the pixel-wise variance
across rater annotations. To evaluate overall uncertainty estimates, we report the Area under the
Referral Curve (AUCRef) described by Lambert et al. (2024), which measures how segmentation
quality improves when the most uncertain predictions are progressively excluded, and the Area un-
der the Risk-Coverage Curve (AURC) described by Kahl et al. (2024), which quantifies the trade-off
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between minimizing risk and maximizing coverage. In both cases, pixel-level uncertainty estimates
are aggregated to obtain a single uncertainty score per image, using the patch-level aggregation
mechanism described in Section 3.2. Finally, we also include the Expected Calibration Error (ECE)
following Gao et al. (2023) to quantify the calibration of predicted probabilities. Detailed definitions
of all measures are provided in Appendix A.

6 RESULTS AND DISCUSSION

We first present results on the RIGA dataset, which serves as our primary benchmark due to its
consistent rater identities. We compare our proposed TMS variants with two SOTA multi-rater
segmentation approaches. MRNet (Ji et al., 2021) is widely used as a benchmark in prior work.
TAB (Liao et al., 2023) represents a more recent SOTA, capable of computing GED in addition to
traditional segmentation metrics, allowing comparison beyond Soft Dice performance. In addition
to WBF, ABF and BCF fusions, we include two baseline methods. EDL-MV is an evidential network
with a segmentation backbone producing 2 output channels instead of 2R. During training, its GT
is the majority voting over all annotations. EDL-LS is identical to EDL-MV in architecture, but the
GT in each training iteration is a randomly sampled annotation. These serve as ablations, allowing
to disentangle the contribution of using multiple per-rater segmentation heads and applying fusion.

Figure 2 shows probabilistic segmentation maps produced by our three TMS variants alongside
the SOTA baselines. The second column visualizes the pixel-wise average of the annotations. In
the easier task of optic disc segmentation, most methods align well with this averaged reference.
For optic cup, TMS-WBF demonstrates strong uncertainty-awareness by assigning low probability
to areas with high inter-rater disagreement. In contrast, TMS-BCF is overconfident in both tasks,
which can be attributed to its ignoring of conflicts between sources. These patterns are also visually
illustrated in Figure 3, which shows aleatoric and epistemic uncertainty maps for the three TMS
variants. MRNet and TAB divert from the average GT especially around the optic cup boundaries.

Input Average GT MRNet TAB WBF ABF BCF

D
is

c
C

up

Figure 2: Comparison of optic disc (top row) and cup (bottom row) segmentation. Columns: input
image, average GT, and predictions from MRNet, TAB, TMS-WBF, TMS-ABF, and TMS-BCF.

Table 1 shows the quantitative results on the RIGA dataset. Prediction-related measures are reported
first, on the left. Our TMS variants outperform the SOTA baselines MRNet and TAB. In terms of
GED and HM-IoU, comparisons between TMS variants are not meaningful, as for the calculation
of these measures, sampling of predictions should be done prior to fusion. Uncertainty-related mea-
sures are reported afterwards, on the right. TMS-WBF achieves the best overall performance. For
optic disc, it has the best NCC, AUCRef, and AURC, while for optic cup it remains highly competi-
tive, closely matching TMS-ABF. Thus, despite the GT favoring ABF by giving equal weight to all
raters, the uncertainty-aware weighting often yields superior results due to it reducing the impact of
low-quality predictions.

The results show unintuitive patterns regarding the ECE score. TMS-BCF achieves low ECE scores
even though it is overconfident and fails to capture disagreement regions. This can be explained
by the way ECE is computed: each pixel contributes equally, and the score depends directly on the
absolute predicted probabilities. Since the mistakes of overconfident methods are concentrated near
object boundaries, which constitute a small fraction of the total pixels, their impact on the final score
is minimal. In some cases, ECE is even lower on the easier optic disc task, which we attribute to the
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Table 1: Quantitative results on the RIGA dataset. The best three performances per measure are in
boldface, underlined, and italicized, respectively.

Method Prediction Uncertainty

Soft Dice ↑ HM-IoU ↑ (18) GED ↓ (50) NCC ↑ AUCRef ↑ AURC ↓ ECE ↓

D
is

c

MRNet (Ji et al., 2021) .977 ± .001 - - - - - -
TAB (Liao et al., 2023) .977 ± .001 - .043 ± .000 - - - -

EDL-MV .969 ± .000 .939 ± .000 .049 ± .000 .630 ± .005 .922 ± .001 .026 ± .001 .013 ± .000
EDL-LS .972 ± .000 .938 ± .001 .047 ± .001 .685 ± .006 .925 ± .000 .023 ± .000 .019 ± .002

TMS-WBF .978 ± .000 .943 ± .000 .029 ± .001 .789 ± .002 .930 ± .000 .018 ± .000 .046 ± .001
TMS-ABF .968 ± .015 .933 ± .017 .039 ± .018 .766 ± .012 .929 ± .000 .019 ± .000 .032 ± .013
TMS-BCF .968 ± .000 .942 ± .001 .029 ± .001 .424 ± .010 .921 ± .000 .027 ± .000 .012 ± .000

C
up

MRNet (Ji et al., 2021) .859 ± .009 - - - - - -
TAB (Liao et al., 2023) .872 ± .001 - .230 ± .005 - - - -

EDL-MV .825 ± .003 .778 ± .044 .347 ± .061 .434 ± .008 .837 ± .001 .113 ± .001 .010 ± .001
EDL-LS .847 ± .002 .736 ± .004 .329 ± .157 .577 ± .002 .853 ± .001 .097 ± .002 .027 ± .007

TMS-WBF .884 ± .001 .783 ± .002 .115 ± .002 .769 ± .004 .873 ± .002 .076 ± .002 .041 ± .000
TMS-ABF .883 ± .003 .782 ± .003 .114 ± .006 .765 ± .008 .875 ± .001 .075 ± .001 .026 ± .007
TMS-BCF .844 ± .000 .784 ± .001 .112 ± .000 .446 ± .004 .847 ± .002 .102 ± .002 .013 ± .000

Table 2: Quantitative results on the LIDC dataset. The best three performances per measure are in
boldface, underlined, and italicized, respectively. One NCC (∗) is from the paper by Hu et al. (2019).

Method Prediction Uncertainty

Soft Dice ↑ HM-IoU ↑ (16) GED ↓ (50) NCC ↑ AUCRef ↑ AURC ↓ ECE ↓

Hu et al. (2019) - - .280 ± .006 .669 ± .011∗ - - -
MoSE (Gao et al., 2023) - .574 ± .002 .239 ± .002 - - - .001 ± .001

EDL-MV .633 ± .003 .576 ± .003 .448 ± .005 .416 ± .012 .603 ± .004 .360 ± .004 .002 ± .000
EDL-LS .656 ± .005 .534 ± .007 .443 ± .011 .626 ± .001 .661 ± .012 .305 ± .019 .002 ± .000

TMS-WBF .669 ± .002 .683 ± .004 .244 ± .003 .680 ± .003 .669 ± .007 .295 ± .011 .002 ± .001
TMS-ABF .710 ± .004 .679 ± .005 .248 ± .004 .670 ± .003 .697 ± .003 .264 ± .004 .001 ± .001
TMS-BCF .652 ± .005 .677 ± .009 .251 ± .007 .434 ± .003 .659 ± .008 .301 ± .009 .004 ± .004

larger foreground size. Overall, ECE does not adequately reflect model performance in this setting
and should not be relied upon.

In contrast, NCC provides a more informative view: although still computed pixel-wise, it measures
correlation, reducing sensitivity to absolute values of uncertainty estimates. As a result, TMS-WBF
achieves the highest NCC scores across both tasks, while its ECE scores are not competitive due
to producing probability estimates with higher entropy on average. Notably, NCC also reflects
the largest performance gaps between methods, highlighting the importance of explicit uncertainty
evaluation. For instance, TMS-BCF attains decent scores on other measures but exhibits a very low
NCC score. However, due to its pixel-wise nature, NCC underestimates the difficulty gap between
disc and cup segmentation, with TMS-BCF appearing stronger on cup. In contrast, AUCRef and
AURC better reflect task difficulty and model performance, due to the aggregation of uncertainty
estimates.

Figure 4 shows referral curves for WBF, ABF, and BCF. The x-axis represents the fraction of un-
certain predictions that are rejected, while the y-axis shows Soft Dice computed over the remaining
predictions. As increasingly uncertain predictions are removed, Soft Dice steadily improves, indi-
cating that uncertainty estimates effectively identify less reliable predictions. Both WBF and ABF
exhibit strong uncertainty-awareness. In contrast, BCF underperforms relative to both methods.

For the LIDC dataset, we compare against recent approaches that evaluate uncertainty at least to
some extent. As discussed in Section 2.2, Hu et al. (2019) provide AU estimates and assess them
using NCC. MoSE (Gao et al., 2023) reports calibration through the ECE score, though the authors
acknowledge that ECE cannot capture multimodal or structural aspects of segmentation uncertainty
and, therefore, treat it only as an auxiliary measure. As shown in Table 2, our TMS variants are
the best across most measures, with the exception of GED, which is not a primary indicator in our
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evaluation. TMS-ABF achieves the strongest performance, surpassing TMS-WBF on most mea-
sures. This is expected, since LIDC does not provide consistent annotator identities and thus limits
WBF’s ability to exploit rater-specific weighting. Nevertheless, the superior performance of TMS-
ABF over EDL-MV and EDL-LS underlines the impact of multi-head modeling, which effectively
leverages multiple predictions in an ensemble-like manner. Also, for both datasets, EDL-LS mostly
outperforms EDL-MV, aligning well with the findings of prior work.

GT WBF ABF BCF

A
U

E
U

(a) Disc uncertainty maps

GT WBF ABF BCF

A
U

E
U

(b) Cup uncertainty maps

Figure 3: Uncertainty maps for the three TMS variants. The input image is the same as in Figure 2.
Aleatoric and epistemic maps are max-normalized with values of 0.7 and 0.37, respectively.

(a) Disc referral curve (b) Cup referral curve

Figure 4: Referral curves illustrating the performance of uncertainty-based sample rejection. The
area under the referral curve (AUCRef) is reported in parentheses.

7 CONCLUSIONS AND FUTURE WORK

We propose TMS, the first EDL method for multi-rater medical image segmentation. Our approach
models network predictions associated with different raters as subjective opinions, which are then
aggregated using WBF from SL. Beyond producing probabilistic segmentation maps, TMS provides
explicit uncertainty estimates and effectively identifies potential low-quality segmentations. We
further complement pixel-level estimates with aggregated image-level uncertainty scores. Across
three segmentation tasks, our method achieves SOTA results in prediction-related measures and in
AU estimation, the latter evidenced by superior NCC scores. In addition, we extend the evaluation
protocol by incorporating AUCRef and AURC, allowing to evaluate the quality of overall predictive
uncertainty estimates at image level.

In the future, we aim to design training and evaluation setups that account for varying rater reliability,
allowing a more direct assessment of the benefits of weighted fusion. Another important direction
is the direct evaluation of EU, for example through out-of-distribution detection. We also plan to
study how the multi-rater setting influences the correlation between EU and AU, ultimately aiming
to develop a more comprehensive framework for uncertainty estimation in multi-rater learning.
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ing with uncertainty quantification based on discounted belief fusion. In Proceedings of The 28th
International Conference on Artificial Intelligence and Statistics, volume 258, pp. 3142–3150.
PMLR, 2025.

Charles Blundell, Julien Cornebise, Koray Kavukcuoglu, and Daan Wierstra. Weight uncertainty in
neural network. In International conference on machine learning, pp. 1613–1622. PMLR, 2015.

Liang-Chieh Chen, George Papandreou, Florian Schroff, and Hartwig Adam. Rethinking atrous
convolution for semantic image segmentation. arXiv preprint arXiv:1706.05587, 2017.

Arthur P Dempster. A generalization of bayesian inference. Journal of the Royal Statistical Society:
Series B (Methodological), 30(2):205–232, 1968.

Armen Der Kiureghian and Ove Ditlevsen. Aleatory or epistemic? does it matter? Structural safety,
31(2):105–112, 2009.

Mark Everingham, Luc Van Gool, Christopher KI Williams, John Winn, and Andrew Zisserman.
The pascal visual object classes (voc) challenge. International journal of computer vision, 88:
303–338, 2010.

Yarin Gal and Zoubin Ghahramani. Dropout as a bayesian approximation: Representing model
uncertainty in deep learning. In international conference on machine learning, pp. 1050–1059.
PMLR, 2016.

Zhitong Gao, Yucong Chen, Chuyu Zhang, and Xuming He. Modeling multimodal aleatoric uncer-
tainty in segmentation with mixture of stochastic experts. In The Eleventh International Confer-
ence on Learning Representations, 2023. URL https://openreview.net/forum?id=
KE_wJD2RK4.

Jakob Gawlikowski, Cedrique Rovile Njieutcheu Tassi, Mohsin Ali, Jongseok Lee, Matthias Humt,
Jianxiang Feng, Anna Kruspe, Rudolph Triebel, Peter Jung, Ribana Roscher, et al. A survey
of uncertainty in deep neural networks. Artificial Intelligence Review, 56(Suppl 1):1513–1589,
2023.

Chuan Guo, Geoff Pleiss, Yu Sun, and Kilian Q Weinberger. On calibration of modern neural
networks. In International conference on machine learning, pp. 1321–1330. PMLR, 2017.

Zongbo Han, Changqing Zhang, Huazhu Fu, and Joey Tianyi Zhou. Trusted multi-view classifica-
tion. In International Conference on Learning Representations, 2021.

10

https://openreview.net/forum?id=KE_wJD2RK4
https://openreview.net/forum?id=KE_wJD2RK4


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Qingqiao Hu, Hao Wang, Jing Luo, Yunhao Luo, Zhiheng Zhangg, Jan S Kirschke, Benedikt
Wiestler, Bjoern Menze, Jianguo Zhang, and Hongwei Bran Li. Inter-rater uncertainty quantifi-
cation in medical image segmentation via rater-specific bayesian neural networks. arXiv preprint
arXiv:2306.16556, 2023.

Shi Hu, Daniel Worrall, Stefan Knegt, Bas Veeling, Henkjan Huisman, and Max Welling. Super-
vised uncertainty quantification for segmentation with multiple annotations. In Medical Image
Computing and Computer Assisted Intervention–MICCAI 2019: 22nd International Conference,
Shenzhen, China, October 13–17, 2019, Proceedings, Part II 22, pp. 137–145. Springer, 2019.

Ling Huang, Su Ruan, Pierre Decazes, and Thierry Denoeux. Evidential segmentation of 3d pet/ct
images. In International conference on belief functions, pp. 159–167. Springer, 2021.

Martin Holm Jensen, Dan Richter Jørgensen, Raluca Jalaboi, Mads Eiler Hansen, and Martin Aas-
trup Olsen. Improving uncertainty estimation in convolutional neural networks using inter-rater
agreement. In Medical Image Computing and Computer Assisted Intervention–MICCAI 2019:
22nd International Conference, Shenzhen, China, October 13–17, 2019, Proceedings, Part IV 22,
pp. 540–548. Springer, 2019.

Wei Ji, Shuang Yu, Junde Wu, Kai Ma, Cheng Bian, Qi Bi, Jingjing Li, Hanruo Liu, Li Cheng, and
Yefeng Zheng. Learning calibrated medical image segmentation via multi-rater agreement mod-
eling. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,
pp. 12341–12351, 2021.

Audun Jøsang. Subjective logic, volume 3. Springer, 2016.

Alain Jungo, Raphael Meier, Ekin Ermis, Marcela Blatti-Moreno, Evelyn Herrmann, Roland Wiest,
and Mauricio Reyes. On the effect of inter-observer variability for a reliable estimation of un-
certainty of medical image segmentation. In Medical Image Computing and Computer Assisted
Intervention–MICCAI 2018: 21st International Conference, Granada, Spain, September 16-20,
2018, Proceedings, Part I, pp. 682–690. Springer, 2018.
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A EVALUATION METHODS

A.1 SOFT DICE

The Dice score is a widely used metric to evaluate segmentation performance, defined as

Dice(ŷ, y) =
2|y ∩ ŷ|
|y|+ |ŷ|

, (12)

where ŷ and y represent the prediction mask and the GT mask, respectively. However, we are
interested not only in the final binary predictions but also in how well the predicted probabilities
reflect the agreement between experts. To this end, we employ the Soft Dice score. It is computed by
evaluating the predictions across multiple probability thresholds, specifically 0.1, 0.3, 0.5, 0.7, 0.9.
At each threshold, both the predicted probability map and the soft GT map—obtained by averaging
the annotations from all raters—are binarized, and the Dice score is computed. The Soft Dice score
is then obtained by averaging the Dice scores across all thresholds.

A.2 GENERALIZED ENERGY DISTANCE

As described by Kahl et al. (2024), the Generalized Energy Distance (GED) is defined as

D2
GED(p, p̂) = 2Ey∼p, ŷ∼p̂[d(y, ŷ)]− Ey,y′∼p[d(y, y

′)]− Eŷ,ŷ′∼p̂[d(ŷ, ŷ
′)]. (13)

Here, p denotes the distribution of reference annotations, and p̂ is the predicted distribution of seg-
mentation masks; d(y, ŷ) denotes the distance between a reference annotation y and a generated
sample ŷ, while d(y, y′) and d(ŷ, ŷ′) measure the distances between pairs of annotations and pairs
of generated samples, respectively. For the distance, we use the complement of the Intersection over
Union (IoU):

d(a, b) = 1− IoU(a, b). (14)
As mentioned by Hu et al. (2019), this metric allows to simultaneously capture accuracy and diver-
sity. However, as noted by Kohl et al. (2019), GED rewards sample diversity and may yield low
values even when the generated distribution does not match the ground truth well.

In our TMS framework, predictions are sampled before the fusion stage. To obtain P predictions
from R raters, we draw ⌊P/R⌋ samples from each rater and distribute the remaining P mod R
samples across raters. Since the reference annotations are not fused either, this ensures that GED
evaluates both the diversity of the predictions and their distributional match to the individual refer-
ences.

A.3 HUNGARIAN-MATCHED IOU

To address the limitation of GED noted in the previous subsection, we additionally compute the
Hungarian-Matched IoU (HM-IoU) following Kohl et al. (2019). This metric employs the Hungarian
algorithm (Kuhn, 1955; Munkres, 1957) to find an optimal one-to-one matching between model
predictions and reference annotations, using IoU as the similarity measure. To ensure equal set
sizes, we repeat the GT samples until their number matches the number of generated predictions.
The final HM-IoU score is obtained as the average IoU over all matched pairs. Similar to GED, we
sample the predictions before fusion.

A.4 NORMALIZED CROSS-CORRELATION

To evaluate whether the predicted aleatoric uncertainties reflect the level of agreement between
different raters, we use the Normalized Cross-Correlation (NCC), as described by Kahl et al. (2024):

NCC =
1

Nσaσb

N∑
i=1

(ai − µa)× (bi − µb), (15)

where a and b denote the reference and predicted uncertainty maps, respectively, and N is the
number of pixels. The terms µa and µb are the means, and σa and σb are the standard deviations of
the respective maps. The reference uncertainty map a is constructed by calculating the pixel-wise
variance across R different segmentation annotations.
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A.5 AREA UNDER THE REFERRAL CURVE

To assess the effectiveness of the uncertainty estimates in identifying low-quality segmentations,
we adopt a referral-based mechanism as described by Lambert et al. (2024). In this setting, we
aggregate the pixel-level uncertainty estimates to obtain a single uncertainty estimate for a given
image, using the patch-level aggregation mechanism described in Section 3.2. Since we want to
detect low-quality segmentations regardless of the source of uncertainty, we compute the score by
summing AU and EU at the pixel level before aggregation. This aggregated score allows us to sort
the predictions from least to most certain. We then progressively remove (i.e., refer to an expert)
a fraction of the most uncertain samples, and compute the Soft Dice score on the remaining set.
This yields a referral curve that shows how segmentation quality varies as increasingly uncertain
predictions are excluded. The Area under the Referral Curve (AUCRef) is used as a qualitative
score. A higher AUCRef indicates that rejecting uncertain samples results in improved segmentation
quality, suggesting that the uncertainty estimates are effective at identifying potentially erroneous
predictions.

A.6 AREA UNDER THE RISK-COVERAGE CURVE

The Area under the Risk-Coverage Curve (AURC) is a metric used in selective classification to
evaluate how well a system balances minimizing risk (i.e., reducing prediction errors) while maxi-
mizing coverage (i.e., minimizing the number of cases left out for manual correction). To compute
AURC in the context of semantic segmentation, we follow the description provided by Kahl et al.
(2024). Given an evaluation dataset D = {(xi, yi)}ni=1 and a predictor f , the confidence scoring
function g(xi) is defined as the negative uncertainty score, and the risk associated with a prediction
is computed as

l(x, y, f) = 1−Dice(f(x), y). (16)

Given a confidence threshold τ , the selective risk is computed as

Risk(τ | f, g,D) =

∑n
i=1 l(xi, yi, f)× I(g(xi) ≥ τ)∑n

i=1 I(g(xi) ≥ τ)
, (17)

and the coverage is defined as

Coverage(τ | g,D) =

∑n
i=1 I(g(xi) ≥ τ)

n
. (18)

The AURC over a sorted list of thresholds {τt}Tt=1 is then computed as

AURC(f, g,D) =

T∑
t=1

(Coverage(τt)− Coverage(τt−1))×
Risk(τt) + Risk(τt−1)

2
, (19)

where conditioning on f , g, and D on the right-hand side is omitted for clarity.

A.7 EXPECTED CALIBRATION ERROR

Following the description given by Gao et al. (2023), we evaluate the difference between predicted
probabilities and the actual accuracy using the expected calibration error (ECE), defined as

ECE = EP̂

[∣∣P (Ŷ = Y | Ŷ = p)− p
∣∣] . (20)

Here, Y denotes random variable for the GT label, Ŷ denotes the predicted class, and P̂ is the
associated predicted probability. The pixel-wise label distribution and the predictive distribution are
computed by marginalization and treating each pixel as independent and identically distributed (IID).

We note that while Gao et al. (2023) compute ECE using 16 sampled predictions, we instead use
the probabilities obtained from Equation 3. This choice reflects the objective of our method, which
is to provide probabilistic segmentation maps together with uncertainty maps, rather than to gener-
ate diverse predictions, and therefore offers a more faithful assessment of our model’s calibration
quality.
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B QUALITATIVE RESULTS

Figure 5 shows probabilistic segmentation maps produced by our three TMS variants alongside
the SOTA baselines, for a sample exhibiting significant inter-rater variability. Figure 6 illustrates
aleatoric and epistemic uncertainty maps produced by the three TMS variants for the same input
image.

Input Average GT MRNet TAB WBF ABF BCF

D
is

c
C

up

Figure 5: Comparison of optic disc (top row) and cup (bottom row) segmentation for a sample with
significant inter-rater variability. Columns: input image, average GT, and predictions from MRNet,
TAB, TMS-WBF, TMS-ABF, and TMS-BCF.
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(a) Disc uncertainty maps
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(b) Cup uncertainty maps

Figure 6: Uncertainty maps for the three TMS variants. The input image is the same as in Figure 5.
Aleatoric and epistemic maps are max-normalized with values of 0.7 and 0.37, respectively.

C DATASET DETAILS

The RIGA benchmark (Almazroa et al., 2017) is a publicly available dataset for retinal optic cup and
disc segmentation, comprising a total of 750 color fundus images from three sources: 460 images
from MESSIDOR, 195 images from BinRushed, and 95 from Magrabia. This segmentation task is
inherently multi-label, as the optic cup is a subset of the optic disc. To address this, we treat it as two
separate binary segmentation tasks. Each image in RIGA is manually annotated by six glaucoma
experts from different institutions. For model training, we follow the setup of Ji et al. (2021); Liao
et al. (2023), using the combined 195 BinRushed and 460 MESSIDOR images as the training set,
while reserving the 95 images from Magrabia as a test set. From the training set, we randomly allo-
cate 15% as a validation set, ensuring proportional sampling from both MESSIDOR and BinRushed.
It should be noted that we use the version of the dataset from Ji et al. (2021) that is cropped around
the foreground, and resize all images to 256×256 pixels. Input normalization is applied using RGB
mean values of [0.485, 0.456, 0.406] and standard deviations of [0.229, 0.224, 0.225].

The LIDC dataset (Armato III et al., 2011) contains 1018 3D thoracic CT scans. Each image is an-
notated by 4 out of a pool of 12 annotators. Despite the variability in annotator identity, LIDC is one
of the largest and most widely used datasets for multi-rater segmentation. Several recent works—
particularly those focused on modeling uncertainty—have evaluated on LIDC, and we include it
to enable meaningful comparisons with these approaches. We use the preprocessed 2D version of
LIDC released by Kohl et al. (2018), which consists of 15,096 slices cropped to 128 × 128 pixels
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and centered on lesion regions. Following the protocol of Hu et al. (2019), we split the data into
training, validation, and test sets using a 70%/15%/15% ratio.

D EXPERIMENTAL SETUP

For the segmentation backbone, we employ DeepLabV3 (Chen et al., 2017) with a ResNet-101
backbone. The model is initialized with weights pretrained on a subset of the COCO dataset (Lin
et al., 2014), restricted to the 20 categories overlapping with Pascal VOC (Everingham et al., 2010).
Training is performed using the Adam optimizer (Kingma & Ba, 2015), with 200 epochs for RIGA
and 100 epochs for LIDC. Among the trained checkpoints, the model achieving the lowest validation
loss is selected for evaluation.

Learning rate scheduling is managed by PyTorch’s ReduceLROnPlateau scheduler with a decay
factor of 0.5, a patience of four epochs, and a lower bound of 1 × 10−6. The initial learning rate
is set to 0.0001 for RIGA and 0.00005 for LIDC. For the uncertainty aggregation step, the patch
side length is chosen as 65 pixels on RIGA and 5 pixels on LIDC. A batch size of 16 is used for all
experiments. For the WBF method, hyperparameters are tuned on the validation set, and the optimal
configuration is fixed for all subsequent variants of our method.

For the SOTA baselines, we deliberately select approaches that provide official PyTorch implemen-
tations and evaluate on the datasets originally used in their respective papers. Consequently, we
retain all hyperparameters as specified in the released code. We note that the MoSE implementation
computes GED with 48 samples instead of 50, reflecting an implementation-specific detail.

All experiments are conducted on a single NVIDIA GeForce RTX 4080 GPU with 16 GB memory.
The CPU is an Intel Core i7-13700F with 16 GB RAM. To ensure robustness, each experiment is
repeated three times with different random seeds, and we report the mean and standard deviation
across these runs.
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