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Modeling Aleatoric Uncertainty in Cardiac MRI
Segmentation: Probabilistic Detection and
Contour Regression

Yidong Zhao", Yi Zhang", Joao Tourais", Sebastian Weingartner™, Avan Suinesiaputra, Alistair Young",
Yuchi Han, Orlando Simonetti, and Qian Tao

Abstract— Accurate segmentation of cardiac MRI is
essential for assessment of cardiac function through
biomarkers such as the left and right ventricular ejection
fraction (LVEF, RVEF). Although Al methods have achieved
high average segmentation accuracy, the precision of
biomarkers for individual patients—quantified by estimation
variance, remains critical for reliable diagnosis. Calibrated
biomarkers, whose uncertainty accurately reflects the
true variability, are highly desirable. However, existing
evaluations predominantly focus on population-level seg-
mentation accuracy, leaving biomarker-level uncertainty
and calibration largely underexplored. Intrinsic anatomi-
cal ambiguity and annotation variability are major sources
of biomarker variability and cannot be fully eliminated,
even when training on a single annotation set. To address
this, we propose a probabilistic segmentation framework
that explicitly models aleatoric uncertainty with the goal
of improving calibration in the biomarker space. The
framework disentangles two key sources of uncertainty:
1) detection uncertainty, arising from ambiguous inclu-
sion of basal or apical slices in 2D cardiac MRI, modeled
via objectness probabilities; and 2) contour uncertainty,
reflecting variability in ventricular boundary delineation,
modeled through mean—variance regression of elliptic
Fourier descriptors, a compact representation of closed
contours. By propagating these uncertainties to derived
biomarkers, the proposed method produces more informa-
tive and better-calibrated confidence estimates for ejection
fraction. Compared to conventional pixel-wise approaches,
our framework improves biomarker reliability, particularly
in realistic settings dominated by annotation ambiguity and
limited domain shift.
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|. INTRODUCTION

EGMENTATION is an important task in medical image
S analysis and has made tremendous progress over the past
decade [1], [2], [3]. The self-configuring nnU-Net [4], [5]
represents the state of the art in medical image segmentation,
achieving outstanding segmentation accuracy measured by
geometric metrics such as the Dice score and Hausdorff
distance [2], [3]. However, in practice, clinicians are often
more concerned with quantitative biomarkers derived from
segmentation masks. In the case of cardiac magnetic resonance
imaging (MRI), left and right ventricular ejection fractions
(LVEF, RVEF) of cine MRI are essential biomarkers for the
diagnosis of cardiovascular disease [2], [3]. Other examples
include cell counts on histological images [6], tumor size
quantification on neuro MRI [7], tissue volumes on prostate
MRI [8], and many more. In this regard, medical image
segmentation is merely an intermediate step in assessing
biomarkers that are ultimately clinically used.

For quantitative biomarkers, both accuracy and precision
are clinically relevant [9], [10], [11]. Accuracy describes the
deviation from the true value, while precision is the measure
of estimation uncertainty, expressed by, e.g., variance [9]. Due
to inconsistent manual annotations and structure ambiguities,
quantitative biomarkers can oftentimes only be determined up
to some uncertainty, thus a limited precision. Knowing the
precision of individual predictions is important for clinical
diagnosis. For example, LVEF requires a precision of at least
5% for meaningful diagnosis purposes [12], since a difference
of 5% may lead to different clinical decisions [13]. Calibrating
the precision of the estimated biomarkers, that is, estimating
the distribution of possible biomarker quantification, would be
important in such cases. Unfortunately, the population-level
high accuracy of pre-trained models in testing datasets does
not equal high precision for individual cases [14], which is
crucial for personalized diagnosis and treatment.

The precision of segmentation or biomarkers derived from
segmentation is related to two types of uncertainty [15]. The
first is epistemic uncertainty [15], [16], which increases when
the test data deviates from the training distribution. Epistemic
uncertainty can be reduced by extending the coverage of
the training data. The second is aleatoric uncertainty, which
originates from the data-generating process [2], [17], [18],
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For more information, see https://creativecommons.org/licenses/by/4.0/


https://orcid.org/0000-0003-3953-6921
https://orcid.org/0000-0003-0523-3877
https://orcid.org/0000-0002-1388-4023
https://orcid.org/0000-0002-0739-6306
https://orcid.org/0000-0001-5702-4220
https://orcid.org/0000-0001-7480-0703

ZHAO et al.: MODELING ALEATORIC UNCERTAINTY IN CARDIAC MRI SEGMENTATION

4457

Inclusion/exclusion variability on basal slices

Include ," 74 [Exclude

Detection
Uncertainty

Contour

2
=
«©
=
-
(]
o
5

Fig. 1. Aleatoric uncertainty in cardiac MRI segmentation:
(Upper—detection uncertainty) Expert annotations of three alike basal
slices. The decision of inclusion/exclusion differs although the anatomi-
cal patterns are similar. The expert may include the slice as containing
the left ventricle blood pool (purple) and myocardium (green), or exclude
it (upper middle). (Below—contour uncertainty) Contours by different
annotators, indicated by different colors. From left to right: LV endocar-
dial contour, LV epicardial contour, RV endocardial contour.

[19], reflecting the intrinsic ambiguity associated with the data
and the task. For example, the aleatoric uncertainty of segmen-
tation is reflected by the inter- and intra-observer variability in
manual annotations, even from experts. When image quality
degrades or anatomical complexity increases, this uncertainty
grows. Aleatoric uncertainty cannot be reduced by adding
more training data [15], [20].

Even in deployment scenarios with limited domain shift
where aleatoric uncertainty dominates, imperfect annotations
lead to frequent discrepancies between network predictions
and human annotations [2], [3]. Under such conditions,
understanding the precision of cardiac biomarkers—namely,
quantifying their plausible range of variation—becomes par-
ticularly important. In this work, we focus on calibrating
the uncertainty of cardiac MRI biomarkers to enable reli-
able interpretation at the subject level. Although stochastic
inference methods for segmentation [20], [21], [22], [23] have
been widely studied, calibration of derived biomarkers remains
relatively underexplored. Calibration in the segmentation space
does not directly translate to calibration in the biomarker
space, highlighting the non-trivial nature of uncertainty prop-
agation.

In cardiac MRI, clinical biomarkers such as ventricular
volume and ejection fraction are computed by aggregating
segmentation areas across short-axis slices. In this process,
two types of aleatoric uncertainty exist. The first is the contour
uncertainty, which arises from the variable definition of the
contours on the LV and RV borders, blurred by the partial
volume effect (Figure 1). It is caused by the inter- or intra-
observer variability of manually drawn contours [17], [18],
[19]. The second is the detection uncertainty. This uncertainty
arises when images contain complex 3D anatomical structures
mapped onto the 2D image planes. For example, a short-
axis cine at the base may or may not contain LV or RV
depending on the cardiac phase, making it difficult to decide
whether or not to include LV or RV in 2D analysis (Figure 1).
Consequently, the detection of basal LV and RV exhibits a non-

deterministic behavior, which is a widely recognized problem
in cardiac MRI segmentation [2]. In practice, every center has
its own convention for annotating the base part. Compared to
the first type of contour uncertainty, detection uncertainty is
more subtle and often overlooked but has a greater quantitative
effect on the final biomarkers.

The aleatoric uncertainty in cardiac MRI segmentation can
also be reflected in the manual annotation process: the observer
first decides whether LV and RV exist in the given image and
then delineates the contours around them. Variability in the
first step represents the detection uncertainty, while variability
in the second step represents contour uncertainty. Furthermore,
annotation is done by following the contours around the LV
and RV, instead of painting the pixels inside them (pixel
classification) [24].

In this work, our primary goal is not to improve segmenta-
tion accuracy, but to enable reliable uncertainty quantification
and calibration of segmentation-derived cardiac biomarkers,
particularly ventricular volumes and ejection fraction. We treat
segmentation as an intermediate representation and focus on
modeling and propagating aleatoric uncertainty in a way that
yields well-calibrated biomarker-level confidence estimates.

To this end, we propose a probabilistic segmentation
framework that departs from conventional pixel-wise classifi-
cation. Inspired by the manual annotation process, our method
decomposes aleatoric uncertainty into (i) slice-level detection
uncertainty, capturing ambiguous inclusion or exclusion of
basal and apical slices, and (ii) contour uncertainty, model-
ing variability in ventricular boundary delineation. Detection
uncertainty is modeled via probabilistic objectness predic-
tion, while contour uncertainty is captured through joint
mean—variance regression of elliptic Fourier descriptors, a
compact representation of closed contours. These uncer-
tainties are explicitly propagated to volume and ejection
fraction estimates, enabling calibrated biomarker-level uncer-
tainty quantification.

Il. RELATED WORK

Cardiac MRI segmentation has been extensively studied for
automated assessment of cardiac function [2], [3], with modern
deep learning frameworks such as nnU-Net [4], [5] and
nnFormer [25] achieving strong performance across multiple
benchmarks. On the ACDC dataset, state-of-the-art methods
report mean absolute errors (MAE) of approximately 2.1%
for LVEF and 5.4% for RVEEF, indicating high accuracy at the
population level. However, predictions frequently differ from
human annotations on individual slices, particularly in anatom-
ically ambiguous regions such as the basal and apical slices
[2], [3]. As cardiac biomarkers are derived by aggregating
segmentation results across short-axis slices, such subject-level
discrepancies can propagate non-linearly and lead to variability
in clinically relevant biomarkers like ejection fractions, despite
excellent average performance.

Most existing segmentation uncertainty methods follow the
pixel-space formulation by extending pixel-wise deterministic
models to pixel-wise probabilistic models. A simple way is to
temper the logits to prevent overconfident softmax outputs,
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and the temperature can be either input-independent like
temperature scaling [26] or input-dependent like LogitNorm
[27]. Bayesian approaches are also widely used, essentially
learning an ensemble of networks, either explicitly through
Deep Ensembles [28], [29], Hamiltonian Monte Carlo [30],
[31], or implicitly through MC-Dropout [15], [16]. These
methods primarily capture epistemic uncertainty, which yields
high uncertainty when the test data deviate from the training
data [32]. For in-domain data, however, the predicted uncer-
tainty tends to diminish [32].

To quantify aleatoric uncertainty, several methods [21], [22],
[23], [33] have been proposed by introducing stochasticity into
the network training and inference stage. The probabilistic U-
Net [33] and Phi-Seg [22] methods utilize a variational latent
space to generate the distribution of segmentation annotations.
Stochastic Segmentation Networks (SSN) [23] predict logit
map together with a low-rank approximation of the spatial
correlation. Gao et al. propose a mixture of stochastic experts
(MoSE) [21] to capture the aleatoric uncertainty from annota-
tions. However, these methods rely on multiple interobserver
annotations of the training data. When trained with annotations
from a single observer, the uncertainty tends to degrade [22],
[33]. Another method of quantifying aleatoric uncertainty is
test time augmentation (TTA) [20], [34], treating the input as
a sample of a generative distribution, which is heuristically
simulated by random image augmentations. TTA can capture
the uncertainty caused by border ambiguity [20], but cannot
capture the uncertainty caused by anatomical ambiguity.

Even when only a single set of annotations is
available—which represents the most common clinical
setting—the intrinsic ambiguity of cardiac MRI segmentation
implies that biomarker predictions can only be determined
up to a finite precision, reflected by the frequent deviation
from the human annotation [2], [3]. We argue that the
current predominant pixel-space formulation is intrinsically
insufficient for modeling aleatoric uncertainty: first, pixel-wise
models are constrained by locality, collapsing uncertainty
to thin boundaries and often generating anatomically
implausible samples. Second, the detection uncertainty
describes the binary behavior of a collection of pixels, while
pixel-wise models have no straightforward mechanism to
model such collective behavior.

Therefore, a new formulation of segmentation, which is
amenable to aleatoric uncertainty modeling, is needed. In par-
ticular, there is a prominent line of work for object detection
in computer vision, namely YOLO and its variants [35], [36].
YOLO first predicts an “objectness” score and subsequently
predicts bounding boxes of the objects, specified by centers
and rectangular dimensions. The global objectness transforms
the pixel-wise segmentation to a slice-level classification prob-
lem. The ambiguous images such as basal slices with similar
patterns but significantly different annotations of inclusion or
exclusion are naturally pushed towards the global detection
decision boundary [37]. As a result, the objectness predic-
tion on these slices produce moderate probabilities, reflecting
elevated uncertainty. For organ segmentation, rectangles are
insufficient, but appropriate parameterization, such as elliptical
Fourier descriptors (EFDs) [38], can accurately characterize

TABLE |
SUMMARY OF MATHEMATICAL SYMBOLS
Symbol Description
T,y continuous spatial contour coordinates
t contour parameter
h,w feature map spatial indices
A EFD cofficient matrix
k EFD order
a flattened EFD cofficients
DU, o Dense objectness and EFD mean and variance map
P, la,0q  Aggregated objectness, EFD mean and EFD variance
v 2D slice volume
14 3D volume aggregated across slices
Le, Oc Contour induced 2D volume mean and standard deviation
EF Ejection fraction
m model index in ensemble
a nominal confidence level
Za standard normal quantile

arbitrary closed shapes [39], [40]. This inspires us to develop
a novel detection-and-regression method for cardiac MRI
segmentation, with built-in mechanisms for modeling aleatoric
uncertainty.

[Il. CONTRIBUTIONS

We make the following contributions:

e We identify and disentangle two distinct sources of
aleatoric uncertainty: detection uncertainty and contour
uncertainty. Moreover, we demonstrate that substantial
biomarker variability persists even with single-annotation
supervision, which pixel-wise uncertainty fails to reflect
at the biomarker level.

e We propose a novel probabilistic detection-and-regression
framework for cardiac MRI segmentation, which mimics
the expert annotation process and accurately mod-
els aleatoric uncertainty. Our framework deviates from
the conventional pixel-wise formulation and explicitly
decouples detection uncertainty and contour uncertainty.
It enables well-calibrated quantification of precision
for segmentation-derived function biomarkers, including
stroke volume, LVEF, and RVEF by providing confidence
interval.

e We studied both aleatoric and epistemic uncertainty on
datasets with different degrees of domain shifts. We show
that while epistemic uncertainty grows with domain shift,
aleatoric uncertainty dominates when there is little to
no domain shift. In the latter cases, the precision of
biomarkers is severely underestimated by current methods
that focus on epistemic uncertainty. This underscores the
significance of aleatoric uncertainty modeling, because
limited domain shift represents the majority of deploy-
ment scenarios in clinical practice.

IV. METHOD

The proposed method models aleatoric uncertainty through
slice-level detection and probabilistic contour regression. In
particular, the network predicts compact EFD representations
of contours (Sec. IV-A). Detection uncertainty captures
ambiguous slice inclusion via objectness prediction, while con-
tour uncertainty is modeled by joint mean—variance regression
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Fig. 2. Probabilistic contour regression network pipeline. The feature pyramid network extracts features at multiple resolution levels. The DC and
AC components of low-, mid-, and high-frequency are predicated at different resolution levels, respectively. The network jointly estimates the mean
and variance of elliptical Fourier descriptor (EFD) coefficients, which model the probabilistic contours.

of elliptic Fourier descriptors (Sec. IV-B). Both uncertainty
sources are propagated to the biomarker space to obtain uncer-
tainty estimates for volume and ejection fraction (Sec. IV-C).
We provide a concise summary of notations in Table. L.

A. Contours as EFDs

1) EFD Representation: A 2D continuous contour C
can be represented by a set of N, points: C =
{(xj.y)) ‘ j=1,2,---,N.}. Direct regression of these points
is problematic due to variations in the number and order of
the points N,.. A better way to represent closed contours with
an arbitrary number of points is EFD [38], which decomposes
contours into a superposition of ellipses rotating at various
frequencies. The EFD of a contour C = {(x(2), y(r)) | ¢ € [0, 1)}
can be formulated as:

X(f) X
|:y(t)] =Ap+ ;Ak - (),

aop ai by cos(2krnt)

Ao = I:coi| Ak = |:ck dk} ) 1= [sin(ka)} @
where the DC component A, determines the centroid, the EFD
coefficient matrix A; characterizes the ellipse of k-th order, and
pi(?) defines a rotating unit circle at an angular frequency of
2kn. EFD translates segmentation from a pixel classification
task to a regression task. The contours do not need further
standardization or alignment as in other contour representation
methods, such as active shape models (ASM) [41].

2) Distance in the EFD Space: We note that the EFD of
a contour can only be determined up to an unknown initial
phase ¢. This will cause a metric problem: the same contours
with different initial phases can have completely different
EFDs and high Euclidean distances, which fail to reflect
their true difference. Training the network for EFD regression
requires the distance metric to reflect the true distance between
contours, invariant to the initial phase. Therefore, given the
EFD of the ground-truth contour @ = [A}, A, -+ ,Ak] and a

&)

predicted EFD a = [Al ,Az, ‘.- ,AK], we need to measure their
distance with synchronised initial phase:

d(ay, &) = |Ac — ARige i,
¢ = argrrgn ||A| — ARy ||i,

3
“)

where a; and a; denote the flattened EFD coeflicients A; and

A . . . a b A
Ay, Ry is the rotation matrix of angle ¢, A; = cl 1:| and A| =

A 1 dy
a by . 0||AI—A1R¢||2
 ~ |. By setting ———-—-~~

[ &1 dl] y g (9(17

solution to the optimization problem (4), with the optimal ¢*:

= 0, we derive the closed-form

¢* —t 1 |:CAl1b] +6‘1d1 —i)lal —316‘] ]
aay + &ycy + biby +didy |’

)

B. Detection and Probabilistic Contour Regression

We design the network to predict the EFD components at
various resolution levels. The DC and low-frequency com-
ponents in EFD are more related to the contour shapes and
therefore depend on global image features. The high-frequency
components reflect contour details and can be extracted from
local image information. In total, we extract K = 24 harmonic
components. The DC and low frequency (order 1 — 8) are
predicted from the i-resolution feature map, together with
the objectness map. The midfrequency (order 9 — 16) and
highfrequency components (order 17 — 24) are predicted with
the features of half-resolution and full-resolution, respectively,
as shown in Fig. 2.

The compact parametrization of contours by EFD enables
the modeling of probabilistic predictions by inferring param-
eter distributions [39], [40]. We consider the predicted EFD
coefficients fi as the mean values, shown as blue blocks in
Figure 2. In addition to mean values, their predictive uncer-
tainty is of interest. Therefore, we estimate their variances &2

besides the mean, depicted as the red blocks. Moreover, we
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predict objectness p to model the detection probability, shown
as green blocks in Figure 2.

To obtain a single contour prediction, we aggregated the
predicted objectness map p and the mean variance predictions
it and 6. The following aggregation rule is designed as
follows:

p = max p(h, w), (6)
1
pa = == plh,w) - fulh,w), (7)
Pl <=
1

> phow) [0 w)? + fihw)] = 1. (8)

hw

Ofg = —
Il

where (h,w) € R x RV denotes the pixel location. Each pixel
has a corresponding mean and variance prediction fi(h, w) and
0 (h,w). We treat the mean and variance predicted on the 2D
grid as a mixture of H x W Gaussians weighted by objectness
p(h,w). An individual detection head is used after feature
extraction for each tissue type. Segmentation is generated by
first thresholding the objectness scores p and suppressing the
predictions with a lower objectness. Afterward, we transform
the predicted EFD mean y; into the contour space for the pre-
dictions with a higher objectness and derive contour variations
from the predicted variance 0. An overview of the network
is shown in Figure 2.

1) Loss Function: We train the network with a loss function
that consists of three parts. The first part L, guides the
prediction of objectness with re-weighted binary-cross entropy
(BCE) loss Loy, defined as:

Loj = WBCE (p,y), )

where y is extracted from the ground truth segmentation map
with 1 for the pixel that contains the centroid contour and O
otherwise. The objectness map end up with only one bright
pixel at the contour centroid and all rest pixels are 0. To
counteract the class imbalancement, we reweight the BCE loss
of class 1 by % and O by Slﬂ

The second part L, guides the probabilistic regression of
EFDs with negative logarithmic likelihood (NLL) loss [28].
The distance is used with the proposed synchronized distance
metric d as presented in the previous section for likelihood

modeling. The regression loss L, is given by:

4K+-2

1 RN d(ﬂfl ’a*)
Z EIOgO%k + Tzk,

=1 ay

£reg = (10)

where d (u;,k,a,’i) is the distance metric with phase correction
defined in (3). The regression loss is minimized if the predicted
variance ¢ matches the regression error d (Ha,» a}) and thus
captures the contour uncertainty [42], which partly contributes
to the aleatoric uncertainty.

In addition, the network is encouraged to reduce the L,
distance between the prediction and the ground truth in the
contours. The contour loss L.,, minimizes the contour differ-
ence:

Ne
Lo = D inf €D - col3, (1)

where C is derived from the predicted EFD mean u; and C
from the ground truth EFD a. The total loss is the weighted
combination of the three:

L= /lobjﬂobj + ﬂregﬁreg + /lconﬁcon- (12)

C. Uncertainty Propagation to the Volume Space

The objectness scores and the predicted probabilistic con-
tours jointly capture the aleatoric uncertainty of segmentation.
To simultaneously capture the epistemic uncertainty, we use
the well-established Bayesian approach by training ensembles
[29]. Because volumetric estimation of ventricles is more
clinically relevant than segmentation maps, we propagate the
uncertainty from segmentation to volume space and obtain the
probabilistic distributions of stroke volume, LVEF, and RVEF.

1) Probabilistic Volume Prediction: The aleatoric uncertainty
of the volume prediction also arises from two parts: detection
uncertainty and contour uncertainty. We model the volume
variation caused by the contour variability as a Gaussian
N (uc,02). The mean volume y is calculated from the mean
EFD p;. We use Monte-Carlo to sample possible EFDs a,:

a,=p;+os-€, nefl,2,--- N} (13)
where € is a Gaussian with zero mean and identity covariance.
Then we generate contours based on the N EFD samples, from
which the 2D volumes {?V, 9@, ... 9™} are calculated over all
the contour samples. The contour uncertainty in the volume
space is then given by estimating the empirical variance in the
area space:

o = Var (v,v@ ...y | (14)

We further model the volume variation caused by the detec-
tion uncertainty. The objectness score p determines whether
the predicted slice volume will contribute to the total volume.
Volume is computed by summing slice-wise contributions,
where each slice first undergoes a stochastic inclusion decision
and, if included, contributes a stochastic contour-derived area.
We model the stochastic inclusion/exclusion process as a
Bernoulli random variable that yield binary decision process,
and the contour-induced volume variation as a Gaussian distri-
bution. Combining the two stages, the ventricular volume per
slice is then a product of a Bernoulli distribution that models
the stochastic inclusion parameterized by p and a Gaussian
distribution N (/16,0'3) that accounts for the contour-induced
volume variability from (14). The variance of the resultant
distribution is given by:

oy = p(l = pyig + po. (15)
The final volume variance consists of two parts: p(1 — p)u?
that accounts for the detection uncertainty and the contour
uncertainty po2. The detection uncertainty approaches its
maximum if p is close to 50%.

We follow the Bayesian approach to quantify the epistemic
uncertainty [15], [28], [29], [30], [31], which can be efficiently
estimated by evaluating the diversity in predictions made by
ensembles of M detection-and-regression models. Each of the
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M networks predicts an objectness p,, and contour uncertainty
N (o, o-im). We estimate the aleatoric uncertainty by:

T2iea = B [Pl = pudil® + P02, ] - (16)
After ensembling, we get the mean statistics:
1 < 1 < 1 X
P=0r D P B= 02 D HemTe =220 00, (A7)
m=1 m=1 m=1

Ensembling introduces an additional contour uncertainty 0';21 =
Var(uy, ta, -+, im), Which characterizes the mean prediction
variance across the M models. The total volume uncertainty
can be estimated by:

Tiow = P =) -+ (@ + 0. (18)
So far we can decompose the two types of uncertainty explic-
itly: The aleatoric uncertainty as computed in (16), and the
epistemic uncertainty ofpi as the difference between the total
and aleatoric uncertainty ofpi = o-tzolal - a’ﬁlea.

2) Uncertainty for EF Predictions: Based on the volumetric
predictions from LV and RV segmentation, the EF of LV and

RV can be calculated as:

Vip - Vi v
EF= 2 "ES _ (1 - ﬁ) x 100%, (19)
VED VED

where Vgp and Vgg denote the end-diastolic (ED) and
end-systolic (ES) volumes of LV or RV, respectively. The
uncertainty of volume can be further propagated to EF by
deriving the variance of the ratio distribution . Let Vgg ~

Vep
N (ugs, o) and Vep ~ N (upp, ogp), the EF variance can be
2 2
> Mgs ( OEs

approximated by
2
UED
Opr ¥ 5 : T) ’
Hgp \Hgs  HMgp

under the assumption that the mean volume prediction is much
larger than its uncertainty: pgs > ogs and ugp > ogp [43].

3) Modeling the Variability in Expert Annotation: In practice,
human experts can make different annotations on the same
image [18], [19]. Our proposed aleatoric uncertainty from
probabilistic contours provides a straightforward way to model
the level of contour variability in expert annotations. We
can simulate the variation in human labels by perturbing the
ground truth EFD a with additive noise:

(20)

a’ =a+yo, e, 21

where € is a sample from a normal distribution, o, is the
average variance of each component in EFD estimated from
the training dataset, and y controls the level of variability.

4) Calibration of the Volume and EF Prediction: The predic-
tive calibration reflects the quality of uncertainty estimation.
To evaluate the calibration of the volume uncertainty obtained,
we calculate the NLL in the test set with the predicted volume
V, predicted variance &% and the ground truth volume V. NLL
in volume space is defined as:

(22)

Lower values of NLL indicate that the uncertainty &y covers
the range of the possible error. A perfect calibration is achieved
when 6 = (V=V)2. For EF predictions, we also compute NLL
to measure the calibration performance:

(EF — EF)?

A , (23)
ZO'%F

NLLgp = % log 65 +
where the EF uncertainty ogr is defined in (20).

The EF uncertainty ogg naturally provides a confidence
interval (CI) for the EF prediction. a two-sided CI at nominal
confidence level a is constructed as EF + z,0gp, where
Zo denotes the corresponding quantile of the standard nor-
mal distribution. To assess the reliability of the predicted
uncertainty across different confidence levels, we evaluate
calibration using multi-level prediction interval coverage prob-
ability (PICP) curves [44]. Specifically, for each a € (0, 1), the
empirical coverage PICP, measures the fraction of samples
whose ground-truth EF falls within the predicted CI at level
«, defined as:

Ly 1 ) ) 24

PICP, = le (EF; € [EF; - 005, EFi + 2405, ])  (24)

where 1(-) is the indicator function, and z, denotes the (1 +

a)/2 quantile of the standard normal distribution. Plotting the

empirical coverage PICP against nominal confidence yields the

multi-level PICP curve, where perfect calibration corresponds
to the identity line.

To summarize calibration performance with a single scalar
metric, we further compute the average calibration error (ACE)
[44], defined as the mean absolute deviation between empirical
and nominal coverage over multiple confidence levels:

1
ACE = / [PICP, — alda. (25)
0

V. EXPERIMENTS
A. Datasets

We use the public ACDC dataset [2] for training, which
consists of short-axis cardiac cine MRI images of 150 subjects
with a training split of 100 subjects and a test split of 50 sub-
jects for in-domain performance evaluation, where epistemic
uncertainty is expected to be minimal and aleatoric effects
dominate.

Additionally, we include cine datasets with varying
degrees of domain shift to study the relative contributions of
aleatoric and epistemic uncertainty to downstream biomarker
uncertainty under realistic deployment conditions. To this end,
we use the Multi-center Multi-vendor (M&M) cardiac MRI
[3], which contains cine scans of 320 subjects from 6 medical
centers, introducing moderate domain shift due to scanner
and site variability, enabling evaluation under increased
epistemic uncertainty. For even larger domain changes, we
included an internal cine data set of eight patients with
cardiac implantable electronic devices (CIED). Our CIED
data set was acquired with the regular SSFP sequence for
1 patient and the alternative gradient echo (GRE) sequence
for 7 patients, which has a markedly lower contrast and
signal-to-noise ratio compared to SSFP.



4462

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 45, NO. 8, AUGUST 2026

TABLE Il
GEOMETRIC SEGMENTATION ACCURACY ON CINE DATASETS MEASURED BY THE DICE SCORE, HAUSDORFF DISTANCE, AND THE VOLUME
PREDICTION MEAN AVERAGE ERROR (MAE)

Methods ACDC M&M Device
LV MYO RV LV MYO RV LV MYO RV
< MoSE 94.0+5.2 89.9+32 91.7+£57 89.6+78 82.8+6.2 85.8+11.9 T74.2+19.6 61.0+17.5 59.3+27.6
& nnUNet-Ens. 94.6+4.5 90.84+23 92.0+55 90.1+£69 837+56 87.2+97 863+56 719476 76.3+11.3
8 Ens. + TTA 953+34 91.0+21 91.8+54 90.2+80 828+9.0 8584136 869+54 71.3+£81 759+14.7
_ Proposed 93.2+64 883+29 91.0+52 894+74 823+59 8.7+101 873+43 T705+74 78.1+88
E‘ MoSE 87+74 18.7£36.5 12.9+11.7 14.8+17.9 24.5+34.5 18.14£19.8 37.6£27.1 46.6+£32.7 32.3+14.4
£ nnUNet-Ens. 8.7+10.1 9.8+10.0 10.5+4.9 13.7+16.6 17.5+18.7 13.5+10.8 19.6+7.0 21.1+8.4 32.14+24.3
; Ens. + TTA 6.8+5.2 82+6.6 10.7+5.7 11.3+12.6 14.1+154 14.0£12.7 183+74 16.8 £ 6.8  28.5+23.7
= Proposed 8.0+ 5.8 9.0+5.9 1224+69 102+71 120+82 124+7.8 14.1+28 155+48 226+8.6
=) MoSE 5.0+ 4.6 8.3+ 11.2 7.14+9.2 9.2+09.1 13.84+15.9 14.0+19.4 39.9+354 36.94+33.0 83.8+73.6
E nnUNet-Ens. 4.5+ 4.1 6.6 £5.7 7.1+8.6 9.6 £8.2 13.9+10.5 12.7+16.2 21.1+14.6 23.84+20.1 46.3+44.5
E TTA 4.4+4.2 6.9+ 7.3 8.5+10.6 9.6+10.7 1444155 16.3+21.7 19.4+16.2 21.0+17.0 40.1+£40.6
= Proposed 6.0+ 5.6 8.6 = 8.3 8.6 +10.0 1044+96 128+11.0 144+17.8 18.7+15.5 15.6+9.8 354+ 34.6

Finally, we include the SCMR Consensus dataset [19] to
compare the generated contours against the inter-observer
variability across 7 independent experts on cine scans of 15
subjects.

B. Methods in Comparison

1) PhiSeg (aleatoric) We implemented PhiSeg [22] which
captures the aleatoric uncertainty in the nnU-Net frame-
work with 6 resolution levels, 5 latent levels, and depth
of latent features 4. In inference time, we draw M = 20
segmentations.

LogitNorm (aleatoric) We introduce LogitNorm with
temperature 7 = (.1 that regularizes the norm of the
output logits such that the network can produce moder-
ate probabilities.

Mixture of Stochastic Experts (MoSE, aleatoric) We
use the MoSE network with 4 experts for the stochastic
inference of segmentation masks and train it under the
nnUNet framework.

Stochastic Segmentation Network (SSN, aleatoric):
We leverage the training strategy that models the corre-
lation between pixels by a low-rank approximation with
rank=4.

Deep Ensemble (epistemic) We follow the nnU-Net
ensembling strategy [4] which trains a 5-network ensem-
ble with different initialization on 5-fold cross-validation
sets. The disagreement in the ensembles captures the
epistemic uncertainty.

TTA (aleatoric) We use TTA as another baseline for
aleatoric characterization. In practice, we perform infer-
ence 20 times per image with random flipping, rotation
of random angle in [0, 27r), and additive Gaussian noise
with noise power in [0.8, 1.2].

TTA+Ensemble (aleatoric+epistemic) The total uncer-
tainty in U-Nets can be characterized by combining the
aleatoric and epistemic uncertainty and applying TTA in
the ensembles. We draw 4 samples per network in the
5-model ensemble, forming 20 predictive predictions.

2)

3)

4)

5)

6)

7)

Volume absolute error Basal relative error
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Fig. 3. (a) Per-slice volume error: basal slices contribute the largest
errors across all methods. (b) Basal relative volume errors show a peak
at 100%, reflecting frequent detection (inclusion/exclusion) errors. (c)
LVEF error distribution: 8 subjects (16%) exhibit > 5% error. (d) RVEF
errors: 16 subjects (32%) exhibit > 5% error. An EF error of > 5% may
lead to misdiagnosis in clinical practice.

C. Implementation Details

The models were trained on the ACDC training split and
tested on the ACDC testing split, M&M, and the device datset,
respectively. We report the Dice score, Hausdorff distance
(HD) and mean mean average error (MAE) of volume and EF.
We trained our network with the same 5-fold cross-validation
scheme as in nnU-Net. The loss items in (12) were weighted
by setting g = 1.0, Adg = 0.1, and A. = 0.1, respectively.
All implementation details are available from our public code
repository.’

! https://github.com/Ido-zh/ProbContour
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Fig. 4. (a) Detection errors show a consistent U-shaped distribution
across slices for all methods. (b) Notably, only the proposed method
(blue) yields the detection uncertainty aligned with (a), with elevated
uncertainty at basal and apical slices.

VI. RESULTS

A. Segmentation Accuracy and Structured Error
Patterns

In Table II, we report the segmentation accuracy of repre-
sentative pixel-wise classification networks measured by both
geometric scores including the Dice coefficient and Hausdorff
distance together with the volumetric mean absolute error.
All methods show similar geometric and volumetric accuracy
on the ACDC and M&M datasets with a difference of <2%
in mean Dice score and 1 — 1.5 mL MAE difference. This
is also reflected in Fig. 3-(a), where all approaches achieve
comparable per-slice volume errors on the in-domain ACDC
dataset. Across all methods, errors are consistently largest at
basal slices, while mid ventricular slices exhibit substantially
lower errors.

The relative basal volume error distribution in Fig. 3-(b)
reveals a pronounced peak at 100%, corresponding to the
complete inclusion and exclusion of basal slices. This behavior
reflects a dominant failure mode caused by anatomical ambi-
guity rather than pixel-wise misclassifications. Despite the
high geometric accuracy: 94.6% for LV 92.0% for RV, a non-
negligible portion of subjects still exhibit EF errors exceeding
5%, as is shown in Fig. 3, highlighting a disconnect between
segmentation metrics and downstream biomarker reliability.

B. Detection Uncertainty: Objectness Modeling Versus
Pixel-Wise Classification

We next examine the detection uncertainty that reflects the
ambiguity of slice-level inclusion/exclusion. Fig. 4-(a) shows
that the detection error rate follows a consistent U-shaped
distribution across slices for all methods, with higher error
rates at the basal and apical slices. This trend is largely
method-agnostic, suggesting that the detection failures are
driven by anatomical ambiguity rather than model design.

However, detection uncertainty exhibits significantly dif-
ferent behavior across methods, shown in Fig. 4-(b). For
pixel-classification methods such as PhiSeg, MoSE and
TTA-+Ensemble, we report the average entropy of foreground
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Fig. 5. Comparison of basal slice segmentation performance between
MoSE, TTA+Ensemble (TTA+Ens.) and the proposed method. Pixel-
wise segmentation networks (MoSE and TTA+Ens.) show similar failure
patterns: (upper) confident missing of basal slices, which are included
in manual annotation; (Lower) fragmented segmentations that violate
anatomy. In contrast, the proposed method yields moderate objectness
scores (64.3% and 73.7%) and produces anatomically feasible contours.

TTA+Ens.

pixels as the detection uncertainty. Most pixel-classification-
based methods yield nearly uniform foreground uncertainty
over slices with a slightly elevated entropy on apical slices.
LogitNorm strongly penalizes high-norm logits by outputting
logits close to O and thus yields moderate probabilities.
However, it equally produce low-confident probabilities and
a exceedingly high level of detection uncertainty on all slices,
failing to align with the true detection error distribution.
In comparison, the proposed method produces uncertainty
patterns with elevated levels on basal and apical slices, which
align with the true detection error distribution.

Qualitative examples in Fig. 5 further illustrate this phe-
nomenon. Pixel-wise segmentation networks often produce
confident consistent predictions on ambiguous basal slices,
even when stochastic inference is applied. Another typical
failure of pixel-wise segmentation networks is the implausible
stochastic samples. In contrast, the proposed method expresses
uncertainty in regions where detection decisions are inherently
ambiguous, providing a structured representation of detection
uncertainty.

C. Contour Variations: Regression-Based Probabilistic
Contours Versus Pixel-Wise Classification

To isolate the effect of contour variability, we evaluated the
EF uncertainty in cases free from detection errors by excluding
the cases with any slice-level inclusion/exclusion error. Fig. 6
presents multi-level prediction interval coverage probability
(PICP) curves on the ACDC and M&M datasets. The proposed
probabilistic contour model yields coverage curves closely
aligned with nominal confidence levels for both LVEF and
RVEF, while representative pixel-wise uncertainty methods
like MoSE and TTA+Ens. exhibit systematic under-coverage.
These findings are quantitatively confirmed in Table III, where
the proposed method achieves substantially improved 95%
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Fig. 6.  The prediction interval coverage probability (PICP) curves,
which show the nominal coverage of the predicted EF confidence
interval and the actual empirical coverage, in the ACDC and MM
datasets, respectively. To highlight the influence of contour uncertainty,
we excluded cases with detection error. The dashed diagonal indicates
perfect calibration. Pixel-classification networks produce systematic
lower coverage while the probabilistic contours (prob. contours) produce
the best calibration in the EF space.

TABLE IlI
95% CONFIDENGE INTERVAL (Cl) COVERAGE AND AVERAGE
CALIBRATION ERROR (ACE) ON CASES WITHOUT DETECTION
ERRORS OF THE STOCHASTIC INFERENCE NETWORK
REPRESENTATIVE MOSE, TTA+ENSEMBLE (TTA+ENS.), AND THE
PROPOSED METHOD

TTA-+Ens.

Prob. Contours
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Fig. 7. Typical probabilistic contours on a middle slice generated by
pixel-wise classification networks, including MoSE and TTA+Ens and the
proposed regression-based method. The volume variations are shown
in the lower panel. The green line shows the clinician’s reference value.
In the MoSE and TTA+Ens cases, the reference value was not covered
due to the limited variation in probabilistic contours.

Methods ACE [%] 95%—CI Coverage[%]
LVEgpr RVEgr LVgr RVEr
O  MoSE 39.1 46.2 28.9 8.7
8 TTA+Ens. 16.3 29.7 727 522
< Contour 7.4 35 85.0 93.3
=  MoSE 33.1 37.0 35.7 26.4
& TTA+Ens. 32.3 20.6 44.7 66.7
= Contour 11.9 72 774 96.4

confidence interval (CI) coverage and lower average cali-
bration error (ACE) of both LVEF and RVEF compared to
baselines.

Fig. 7 provides qualitative examples of probabilistic contour
samples generated from different methods. The figure demon-
strates that the stochastic inference network representative
MoSE and TTA+Ensemble tend to produce contours that
strongly overlap with each other and as a result, they under-
estimate the contour variation and fail to induce meaningful
volume variability. However, the proposed regression-based
method produces probabilistic contours with coherent volume
distributions that correctly capture reference annotations.

D. Comparison With Inter-Observer Contour Variability

To wvalidate whether the predicted contour uncertainty
reflects clinically meaningful variability, we compare the prob-
abilistic contours generated on the consensus dataset against
the inter-observer variability derived from annotations by
seven experts. Fig. 8 shows the volume variance induced by
pixel-classification networks, such as the stochastic inference
network representative MoSE and TTA+Ensemble, and by the
proposed regression-based probabilistic contours. All methods
were trained with simulated contour annotation noise by
adding noise y = 0.08 to the ground truth EFDs described
in (21).
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Fig. 8.  Predicted LV volume variance from probabilistic contours

versus reference volume variation across 7 experts on 15 subjects
in the SCMR Consensus dataset [19]. Asterisks indicate the Pearson
correlation factors (R) with statistical significance (p-value < 0.05). It
can be observed that our method produces the highest correlation. This
suggests that our method better captures expert annotation variation,
which pixel-wise segmentation methods fail to model.

Fig. 8 demonstrated that the proposed contour regression
yields a variation that correlates strongly with expert-derived
variance for both EDV and ESV, with Pearson correlation
factors of 0.745 and 0.680 with statistical significance (p-
value <0.05), respectively. In contrast, the pixel-wise baselines
(MoSE and TTA+Ensemble) exhibit weak or negligible corre-
lation. Qualitative comparisons in Fig. 9 further demonstrate
that pixel-wise uncertainty produces a thin LV contour vari-
ation band on the clean image in Fig. 9-(a) and incoherent
contour variations on the low-contrast image in Fig. 9-(b),
while the proposed method generates structured contour vari-
ability. And the probabilistic contour spread increases from
the clean image to the image with low-contrast.
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CALIBRATION OF VOLUME AND EF PREDICTION MEASURED BY NLL ON THREE CINE DATASETS. THE BEST CALIBRATION IS BOLD AND LABELED

TABLE IV

WITH * IF THERE IS A STATISTICALLY SIGNIFICANT DIFFERENCE FROM THE SECOND BEST

Methods ACDC M&M Device
Lvy | RvVy | Lvy | Rvy | vy | RVy |
PhiSeg 103.6 = 214.1 108.3 £ 236.8 226.2 + 542.7 202.2 +459.3 283.9 + 427.2 88.6 +83.3
SSN 105.8 £ 164.4 323.6 +1156.5 428.8 +1057.7 1732.6 +14628.9 250.4 + 464.1 2347.1 £ 5410.5
MoSE 99.8 £178.5 112.2 4+ 255.0 160.6 4+ 422.7 792.4 + 7585.0 25.2 +33.3 234.4 + 484.5
LogitNorm 5.5+7.9 12.3 +46.4 25.6 = 55.6 55.1 +210.3 156.4 £ 300.3 174.7 £ 523.6
Ens. 44.8 £170.4 28.0 = 70.9 66.3 + 196.0 88.6 +412.5 66.3 + 148.3 21.0 £27.0
TTA 16.6 £+ 34.7 14.6 £+ 26.3 36.3 +90.1 55.6 £ 175.5 74+7.2 7.5+ 6.5
Ens. + TTA 11.5 £ 31.7 6.5 +12.4 16.8 £42.4 20.8 + 59.2 5.3+ 4.0 6.8 +4.9
Proposed 2.7+1.0* 3.0+ 1.2* 3.3 £2.2* 3.6 +£2.4* 5.6 6.0 4.6 +2.3
LVgpr RVgr LVgp RVgr LVgr RVgr
PhiSeg 32.6 42.3 83.4 £ 79.0 120.5 4+ 300.4 79.6 +190.3 167.9 4+ 166.5 16.5 +21.4
SSN 53.4 +£91.3 177.2 £ 348.7 195.9 £ 357.4 290.8 &+ 609.6 83.4+84.4 238.0 + 337.4
MoSE 21.0 £63.0 54.4 +97.0 59.6 £+ 160.5 114.8 +434.1 4.8 +3.8 9.0+6.3
LogitNorm 4.3+6.3 15.5 £+ 71.9 12.2 +£22.7 15.0 £ 37.9 80.3 124.0 58.1 £ 71.7
Ens. 7.5+ 14.4 17.3 £ 22.7 29.0 4+ 36.8 83.0 +194.8 12.7+6.6 14.8+5.1
TTA 5.5+ 13.9 9.5+ 14.9 21.5+59.3 18.9 £+ 53.8 5.6 +4.0 3.9+1.5
Ens. + TTA 48+7.3 5.0 +18.4 11.0 + 32.9 8.9+ 33.9 4.9+ 3.7 3.8+1.9
Proposed 2.3+1.2* 2.3 +0.8* 2.4+1.5* 2.7+1.1* 5.8+ 7.9 3.0+5.2

MoSE TTA-+Ens.

Prob. Contours

High-contrast

Low-contrast

Fig. 9. Predicted probabilistic contours of MoSE, TTA+Ensemble
(TTA+Ens.), and the proposed method on a high-contrast case (upper)
and a low-contrast case (lower) in the SCMR Consensus dataset
[19]. Pixel-wise segmentation methods like MoSE and TTA+Ensemble
produce low contour variations on high-contrast images (upper) and
implausible contours on low-contrast images (lower). In contrast, our
proposed method produces anatomically feasible contours in both
cases. Furthermore, as expected, the estimated variation grows as
image contrast decreases.

E. Calibration of Probabilistic Volume and EF
Predictions on Full Test Sets

Finally, we provide a comprehensive comparison across all
competing approaches using negative log-likelihood (NLL)
as a probabilistic calibration metric on the full test sets.
Table IV shows the calibration performance of stroke volume
prediction and EF prediction for both LV and RV, measured by
NLL. It is observed that most stochastic inference frameworks
including PhiSeg, SSN and MoSE have difficulty predicting
well-calibrated volume and EF predictions, as reflected by
their high NLL in both the volume and EF space. Deep
ensembles produced better calibration than PhiSeg but worse
than TTA. Among the pixel-wise classification networks,

TTA+Ens. achieves the best calibration performance. In the
two SSFP datasets (ACDC and M&M) with limited domain
shift, our proposed network consistently yielded the best
calibration over the pixel classification networks, achieving
NLL’s ranging from 2.7 to 3.6. In the device data set with a
relatively large domain shift, we observed that both TTA and
TTA + assemble achieved good calibration, with performance
comparable to our proposed method.

We next evaluate the quality of the generated confidence
intervals of EF estimations, where both detection failures and
contour variability are present. Fig. 11 lists the multi-level
PICP curves of LVEF and RVEF on the high-quality cine
datasets ACDC and M&M. The calibration curves shows that
representative pixel-wise stochastic segmentation methods like
TTA+Ens. and MoSE exhibit systematic under-coverage of
LVEF and RVEF variation on both datasets. In contrast, the
proposed method consistently yields coverage curves closest
to the ideal diagonal across both datasets and for both LVEF
and RVEF. Table III quantitatively confirms these observations,
with the proposed method achieving the lowest ACE and
95%-CI coverage closest to the nominal level. These results
demonstrate that jointly modeling detection and contour vari-
ability is essential for reliable EF uncertainty estimation in
realistic settings.

Beyond calibration, we assess the correlation between the
predicted EF uncertainty and the EF error. Fig. 12 shows the
relationship between predicted EF uncertainty and absolute EF
error across ACDC and M&M datasets. We split the predicted
ogr into 4 bins and present the distribution of EF error in each
bin. The figure illustrates that higher predicted uncertainty
consistently corresponds to larger EF errors, with statistically
significant correlations for both ventricles. This monotonic
relationship indicates that the proposed uncertainty not only
achieves population-level calibration but also effectively strat-
ifies prediction reliability at the individual-subject level.
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Fig. 10.  Probabilistic masks for LV prediction (a) and RV prediction (b) on the ED and ES frames. We display the objectness score for the

proposed method in the top-left corner. (c)-(d): Probabilistic volume and EF predictions by TTA+Ensemble and the proposed method. Green lines
indicate the clinician’s reference value. In both cases, the reference LV and RV volumes were correctly captured by our method but not covered by
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Fig. 11.  The prediction interval coverage probability (PICP) curves,

which show the nominal coverage of the predicted EF confidence
interval and the actual empirical coverage, in the ACDC and MM
datasets, respectively. All test cases were used. For both LVEF and
RVEF, our proposed method yields empirical coverages closest to the
ideal diagonal, whereas pixel-wise classification networks consistently
under-estimate uncertainty, resulting in systematically low coverage.

Figure 10 shows two representative examples of the pre-
dictive distribution by TTA+Ensemble and compares it with
our proposed method. The difficulty that limits precision lies in
defining the base LV in Figure 10-(a), and RV in Figure 10-(b).
TTA+Ensemble did not capture this ambiguity and produced
segmentation maps with limited variation (low uncertainty).
As a result, the volume distribution has a single mode, which
does not cover the true reference value (shown in green lines).
In contrast, our proposed method has a detection score of
35.3% and 56.7% for the LV case in the ED and ES phases,
respectively, reflecting the aleatoric “detection uncertainty”.
This leads to a two-modal distribution in EDV and ESV,
correctly capturing the high uncertainty with the true EF value
in its coverage.

F. Decomposition of Uncertainty Sources

Table VI shows the calibration performance of EF prediction
in different configurations evaluated in ACDC. The contour
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Fig. 12.  Relationship between predicted EF uncertainty (ogr) and

absolute EF error in the ACDC and MM datasets. Higher predicted ogg
corresponds to larger EF errors, indicating meaningful uncertainty—error
coupling. Pearson correlation coefficients (R) for ACDC are 0.574
(LVEF) and 0.579 (RVEF), and for MM are 0.317 (LVEF) and 0.630
(RVEF), all statistically significant (p < 0.05).

uncertainty alone cannot yield calibrated confidence intervals,
achieving 44% coverage with the 95% confidence interval
for both LVEF and RVEF. This is in accordance with the
observation in Fig. 3 that the error is more pronounced by
the detection errors of basal slices. Detection uncertainty
contributes significantly to the calibration of EF predictions
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TABLE V
COVERAGE OF THE 95% CONFIDENCE INTERVAL (Cl) AND AVERAGE
CALIBRATION ERROR (ACE) IN ACDC AND M&M DATASETS

Methods ACE [%] | 95%—CI Coverage [%]
LVgr RVEgr LVEr RVgr
PhiSeg 324 432 32.0 20.0
SSN 35.0 42.6 36.0 10.0
MoSE 374 41.8 32.0 16.0
8 LogitNorm  17.0 29.0 66.0 52,0
% Ensemble 23.8 33.6 62.0 40.0
TTA 22.4 33.0 64.0 46.0
TTA+Ens. 12.6 29.0 76.0 52.0
Proposed 24 2.8 94.0 92.0
PhiSeg 38.4 40.2 25.3 21.9
SSN 43.4 42.7 11.6 12.8
MoSE 324 36.9 359 26.6
§ LogitNorm  34.7 32.8 347 359
= Ensemble 28.7 31.4 43.1 38.8
TTA 26.0 28.8 48.8 46.2
TTA+Ens. 229 21.9 57.5 59.6
Proposed 11.5 14 83.1 93.8

TABLE VI

CONTRIBUTION OF THE DETECTION UNCERTAINTY (DET.), THE
CONTOUR UNCERTAINTY (COUT.) TO THE EF CALIBRATION ON THE
ACDC DATASET

Variants ACE [%] 95%—CI Coverage[%]
o Cont. 27.2 29.2 440 44.0
3] Det. 2.8 44 90.0 88.0
< Total 24 2.8 94.0 92.0

with 90% and 88% coverage. The combination of detection
and contour uncertainty further improves the calibration on
LVEF and RVEF estimation reflected by the reduced ACE
and increased 95%-CI coverage.

The low level of epistemic uncertainty is reflected in
Figure 13, where we observe that the pixel-space models
systematically underestimate volume uncertainty in both the
ACDC (in-domain) and MM (small-domain shift) datasets.
As a result, the estimated precision cannot match the true
magnitude of error and thus often fails to cover the refer-
ence manual annotation. In comparison, our proposed method
produces high aleatoric uncertainty that matches the actual
error, which is crucial for calibrated predictions. The epis-
temic uncertainty gradually increase with domain-shift, yet the
aleatoric uncertainty is the dominant source that contributes
the uncertainty.

VII. DISCUSSION

This work investigates aleatoric uncertainty modeling for
cardiac MRI segmentation with a focus on the reliability
of derived clinical biomarkers, particularly ejection fraction
(EF). While segmentation accuracy has been extensively stud-
ied, our results demonstrate that high geometric accuracy
alone is insufficient to ensure reliable biomarker estima-
tion. Instead, uncertainty must be modeled in a manner that
reflects the underlying failure modes of segmentation and
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Fig. 13. Distribution of the uncertainty (aleatoric, epistemic, and total)
and the error of LV volume. With a small domain shift (ACDC and MM),
pixel-wise networks produce low aleatoric uncertainty, and the total
uncertainty fails to match the magnitude of errors. In comparison, our
proposed method outputs higher aleatoric uncertainty, which accounts
for the major source of uncertainty in this case, thereby matching the
magnitude of the true error. Across all datasets, including the Device
dataset with a large domain shift, both methods yield similar epistemic
uncertainty estimates.

their propagation to downstream clinical metrics. Quantify-
ing the uncertainty of segmentation and segmentation-derived
biomarkers is highly relevant for the reliability of clinical
diagnosis. However, in most deployment scenarios, the input
data have little or limited domain shifts (e.g. similar MRI
sequence and image contrast). In these cases, the difficulty
does not arise from a low image quality, but rather from
the intrinsic ambiguity of defining LV and RV structures,
hence aleatoric uncertainty. The aleatoric uncertainty deter-
mines the precision of biomarkers, but principled methods to
model aleatoric uncertainty in medical image segmentation are
currently lacking.

A central finding is the distinction between detection
uncertainty and contour uncertainty, which mimics the expert
annotation process and models the aleatoric uncertainty
therein. By separating detection uncertainty from contour
uncertainty, we effectively transform pixel-wise classification
into a global objectness classification problem, thereby allevi-
ating the inherent locality limitation of pixel-wise predictions.
This allows detection ambiguity to be expressed at the slice
level, where inclusion or exclusion decisions are semantically
meaningful, as is shown in Fig. 4. The detection uncertainty
is the dominant contributor to calibration (Table. VI), as
detection errors account for the largest portion of EF error.
Contour uncertainty plays a complementary but essential role
by refining uncertainty estimation once detection is correct.

Contour uncertainty becomes critical once detection is cor-
rect, as demonstrated in Fig 6. By isolating cases without
detection errors, we show that contour-level uncertainty yields
well-calibrated EF confidence intervals, whereas pixel-wise
stochastic methods consistently underestimate uncertainty.
This indicates that pixel-wise variability does not translate
into meaningful variability of downstream clinical metrics.
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Furthermore, contour regression introduces an implicit shape
prior through a compact contour representation, which con-
strains the space of plausible segmentation samples and
avoids anatomically implausible samples commonly produced
by pixel-wise stochastic methods (Fig. 5, 9). Finally, joint
mean—variance regression over contour parameters prevents
stochastic contour realizations from collapsing to a one-
pixel-wide boundary like in pixel-wise segmentation networks
(Fig. 7), ensuring that uncertainty is expressed as coherent
structural variability rather than local pixel noise.

Beyond calibration, the predicted EF uncertainty is infor-
mative at the subject level. Higher uncertainty consistently
corresponds to larger EF errors, enabling effective risk
stratification (Fig. 12). Furthermore, the experiments on
the consensus dataset demonstrate that the contour-induced
variance correlates strongly with inter-observer variability,
providing external validation that the proposed uncertainty
captures clinically meaningful ambiguity rather than arbitrary
noise (Fig. 8).

Our empirical results confirm that, in cases of limited
domain shifts, uncertainty stems mainly from the intrinsic
ambiguity of data and difficulty of task (aleatoric), instead of
domain shifts (epistemic). This is confirmed by the observation
in Fig. 3 that different segmentation networks end up with sim-
ilar volume error and slice-wise error distributions. Experiment
results showed that current pixel-space uncertainty estima-
tion methods fail to capture such aleatoric uncertainty and
severely underestimate uncertainty, leading to “over-confident”
biomarkers, whereas our method can produce well-calibrated
uncertainty in such cases.

We note that aleatoric uncertainty arises from the intrin-
sic ambiguity in data, which cannot be reduced by adding
more training data. In the case of cardiac MRI, the aleatoric
uncertainty is not only related to the partial volume effect,
but also associated with the speed limitation of MRI: the full
heart is typically imaged by multiple 2D+t sequences, each
in a separate breath hold. This causes shifts between slices,
making it difficult to apply 3D models. Therefore, current
cine MRI segmentation relies on 2D models, which encounter
high uncertainty at the basal part where the anatomy appears
complex on the 2D plane. Improved imaging techniques, such
as 3D+t cine MRI, could effectively reduce imaging-induced
aleatoric uncertainty by enabling 3D segmentation.

VIIl. CONCLUSION

In conclusion, we proposed a probabilistic detection-and-
regression framework for cardiac MRI segmentation that
explicitly models uncertainty arising from slice inclusion
ambiguity and contour variability. By disentangling these
sources and propagating them to the biomarker space, the
method enables more reliable estimation of the precision
of clinically important biomarkers, including stroke vol-
ume, LVEF, and RVEF. Explicit modeling of detection and
contour uncertainty leads to better-calibrated biomarker confi-
dence intervals in common deployment scenarios with limited
domain shift. While not designed for domain generalization,
the framework exhibits robust behavior under domain shift
due to its structured contour representation. More broadly,
this work highlights the importance of uncertainty-aware

biomarker assessment and provides a general paradigm appli-
cable to other segmentation tasks requiring reliable biomarker
quantification.
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