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Abstract. Cine cardiac magnetic resonance imaging (cineCMR) is a well-established imaging
modality that is widely used in clinics and research centers to evaluate vital parameters like the
exact stroke volume in the left and right ventricle or blood flow in the aortic root. To support
medical professionals in the evaluation of cineCMR by machine learning, an uncertainty esti-
mation is essential to replace trust and lack of it with probabilistic (interim) results. We present
our workflow that ranks segmented images by image-wise uncertainty and supports manual en-
hancement by visualizing pixel-wise uncertainty, to improve the efficiency and effectiveness of
human-machine collaboration. We present the performance of our nnU-Net configured U-Net
with Monte Carlo (MC) dropout to predict uncertainty maps on the open Automated Cardiac Di-
agnosis Challenge (ACDC) dataset. Furthermore, we present multiple image-wise uncertainty
scores derived from these pixel-wise uncertainty maps and compare their performance. Com-
pared to only pixel-wise uncertainty-based workflows, we show how image-wise uncertainty
scores can assist in the correction and validation of predicted segmentations through image
evaluation. Due to an overwhelming amount of recorded CMR data, the proposed method could
enable more reliable and faster evaluation in collaboration between medical professionals and
probabilistic models.
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1 INTRODUCTION

Semantic segmentation of CMR plays a crucial role in both diagnosis, monitoringand ther-
apy of cardiovascular diseases. Leveraging deep learning models, like convolutional neural
networks (CNNs), has achieved remarkable performance and shows the potential to drastically
reduce analysis times [2]. These advances in fully automated segmentation are particularly
needed for new imaging techniques like real-time MRI, producing thousands of images. How-
ever, despite scoring increasingly well in challenges, these models are inherently uncertain,
which poses challenges in both research and clinical applications. Quantifying this uncertainty
during application is essential to provide meaningful assistance to medical staff and ensuring
reliable decision making.

UncertaintyQuantificatio (UQ) in segmentationis an active area of research, mostly aiming
to indicate uncertainregions in one segmentation. While pixel-wise uncertainty measures, such
as entropy, provide insights into per-voxel confidence clinicians must review every image, as
they do not directly indicate whether the specifi segmentation should be reviewed. Especially
when working with hundreds and thousands of individual segmentations on a daily basis, it
seems a more efficien approach to somehow aggregate uncertainty information at the image
level, allowing for a ranking of segmentations by their reliability [4].

There is a lack of image-wise metrics and their practical use to guide human interaction
with model generated segmentations. Similar to the work of Ng et al. [10], in this work, we
analyze the approach of using an uncertaintymeasure for ordering segmentationsbased on their
aggregated pixelwise uncertainty. As the application of volumetric prediction is less concerned
with exact geometrical accuracy of class borders, but rather focuses on high overlap, instead
of distance-based metrics we use the Dice similarity coefficien (DSC) to measure how much
prediction and ground truth coincide. This score can not only assist clinicians and researchers
to identify cases that may require human validation or correction, but also serve as a tool to
evaluate model performance on specifi data distributions. Combining both image-wise and
pixel-wise uncertainty measures could help to reduce the validation and correction effort of
medical staff, while increasing understandingand assessability .

To validate the approach, we use a publicly available dataset, as well as state-of-the-artopen-
source U-Net model configurations We demonstratehigh correlation of our implementationin
terms of ordering segmentationsby performance, as measured by DSC between predictions and
ground truth.

2 METHODS

In the following, we present our methodology, detailing the dataset, the segmentationmodel,
and the uncertainty measures at both the pixel and image level.

2.1 Data

The presentedmethodsare tested using the AutomatedCardiac Diagnosis Challenge (ACDC)
dataset [1]. The ACDC dataset is a widely recognized benchmark dataset for cardiac image
analysis. It provides annotated CMR images across a range of pathologies, allowing robust
evaluation of segmentation algorithms. The full dataset with 150 patients is divided into 100
patients, with 20 patients for each of the 5 groups that can be used for training, while the test
dataset consists of the remaining 50 patients, with 10 for each of the 5 groups. This results
in a total of 1902 training and 1076 test images. In all images the left ventricle (LV), the my-
ocardium (MYO) and the right ventricle (RV) are labeled by experts. The dataset contains
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images from different slices and physiological timepoints. This results in wide distribution of
sizes of all three classes.

2.2 Model Architecture & Training

For CMR segmentation, we employ a U-Net architecture, a widely used convolutional neu-
ral CNN designed for biomedical image segmentation [12]. Our implementation follows the
parameterizationof nnU-Net[5], ensuring a well-optimized configuratio for medical imaging
tasks.

The network consists of a five-layer encoder-decoder architecture, where each stage in the
contractionand expansion paths contains a double convolutional block. Each block consists of
two convolutional layers with kernel size 3, stride 1, and no padding, followed by instance nor-
malization and Leaky ReLU activation. Dropout layers are incorporatedinto the convolutional
blocks in the inner half of the network to estimate uncertainty using Bayesian principles [6].
Unlike standard segmentation pipelines, softmax activation is omitted, as uncertainty estima-
tion requires access to unnormalizedlogits.

Training is performed using stochastic gradient descent (SGD) with a learning rate of 0.01,
momentumof 0.99, and weight decay of 0.001 applied to a regularized cross-entropy loss func-
tion. The dropout rate is set to 0.2. The input images are resized to 256 × 224 pixels, and
training images are randomly divided into 32 batches, each containing 58 samples.

2.3 Segmentation quality

To assess the quality of the segmentation results, we use two commonly employed and rec-
ommended metrics: the Average Symmetric Surface Distance (ASSD), representing distance-
based metrics and the DSC, representing overlap-based metrics. However, segmentationquality
is difficul to measure in general because it lacks a single definit ve metric, varies across anatom-
ical structures and clinical contexts, and is influence by factors such as image resolution, label
uncertainty, and interobserver variability [7].

ASSD ASSD measures the average distance between the surfaces of two segmentations. It is
computed by calculating the distance from each point on the surface of one segmentationto the
nearest point on the surface of the other, and then averaging these distances symmetrically:

ASSD(A,B) =

∑
x∈∂SA

d(x, ∂SB) +
∑

y∈∂SB
d(y, ∂SA)

|∂SA|+ |∂SB|
(1)

where:

• ∂SA and ∂SB are the sets of surface points of segmentationsA andB, respectively.

• d(x, ∂SB) = miny∈∂SB
∥x− y∥ is the shortest Euclidean distance from pointx in ∂SA to

the closest point in ∂SB .

• Similarly, d(y, ∂SA) = minx∈∂SA
∥y − x∥.

A drawback of this metric is how it handles the case of complete segmentation failure. In this
case, where a class is present only in one of the two compared segmentations, the denominator
is 0. We chose to penalize these cases by setting the ASSD to the highest possible distance in
the predicted image, its diagonal, as recommendedin [7].
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DSC DSC is a measure of overlap between the predicted segmentation and the ground truth.
It ranges from 0 (no overlap) to 1 (perfect overlap), and is define as:

DSC(A,B) =
2|A ∩B|
|A|+ |B|

, (2)

where |A| and |B| denote the number of elements (e.g., pixels or voxels) in segmentations A
andB, and |A ∩B| represents the numberof overlapping elements.

2.4 Pixel-wise Uncertainty Quantification

There are various uncertainty measures that can be applied to image segmentation. Here, we
compare two methods that provide pixel-wise uncertainty.

Entropy The firs is entropy, which is define as follows [11]:

H(x) = −
C∑
i=1

pi log pi, (3)

where C is the number of possible classes to which pixel x can belong, and pi is the predicted
probability that the pixel belongs to the i-th class. As pi is simply given as an interim result in
softmax, the additional cost to computeHi is minimal.

MC Dropout Variance (MCDV) The second approach we present is to use MC dropoutdur-
ing inference. For this, the dropoutlayers in the model remain active during the inference phase
to obtain probabilistic predictions. The dropoutprobability is set to p = 0.2, the same as during
training. For each input image, the model is evaluated five times to obtain five probabilistic,
slightly different predictions. This is equivalent to sampling the model weights five times from
a Bernoulli distribution with probability p, and making predictions depending on the resulting,
slightly different weights. According to the theoretical derivation by Gal et al. [3], the predic-
tive distribution, which is also referred to as the Bayesian model average, is then approximated
by taking the sample mean of these probabilistic predictionspi, i = 1, . . . , 5. It is calculated for
each segment class c, c = 1, . . . , 4, and each pixel x separately:

p̂c(x) =
1

5

5∑
i=1

pci(x) (4)

The pixelwise uncertainty maps result from this by calculating the pixelwise entropies of the
mean outputs p̂c over the segment classes, c = 1, . . . , 4, as define in (3):

u(x) = −
4∑

c=1

p̂c(x) log p̂c(x).
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2.5 Image-wise Uncertainty Quantification

Mean To derive an image-wise uncertainty measure from the pixel-wise measure, we can
simply compute the mean:

H̄ =
1

N

N∑
i=1

H(x) (5)

ū =
1

N

N∑
i=1

u(x)

Surface Distance over Samples Using the pairwise ASSD between samples, we can define

ASSDS =
2

N(N − 1)

∑
0≤i<j<N

ASSD(Si, Sj), (6)

where Si and Sj are pairwise predicted labels of a probabilistic sample each, derived from the
softmax outputs by assigning the segment class with the highest probability to a pixel and N
the total numberof Samples.

DSC over Samples To measure similarity between the softmax probabilities of the predic-
tions we use the pairwise DSC between samples:

DSCS =
2

N(N − 1)

∑
0≤i<j<N

DSC(Si, Sj), (7)

similarly to ASSD S .

2.6 Test setup

In this work, our primary focus is not on achieving the highest segmentation accuracy but
ratheron assessing the ability to correctly rank images by their segmentationperformance. This
ranking is evaluated by comparing the uncertainty quantificatio with the segmentationquality.
To quantify the correlation between uncertainty and segmentation quality, we employ Spear-
man’s rank correlation coefficien (ρ). Spearman’s ρ is a non-parametricmeasure that evaluates
the strength and direction of the monotonicrelationship between two variables, making it well-
suited for analyzing how uncertaintyreflect segmentationperformance. According to [13], this
is define as:

rS(X, Y ) = 1− 6
∑n

i=1(Pi −Qi)
2

n(n2 − 1)
,

where {(Xi, Yi)}ni=1 are n iid data pairs, Pi the rank of Xi among the X1, . . . , Xn and Qi the
rank of Yi among the Y1, . . . , Yn. In this application, Xi represent the image-wise uncertainties
andYi the DSC of n predictions. It takes values in [−1, 1], where 1 is perfect, −1 is negative, and
0 is no correlation. A strong correlation indicates that a uncertainty quantificatio effectively
identifie cases of higher and lower segmentation performance.
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3 RESULTS

In this section, we analyze the relationship between uncertainty measures and segmentation
quality. We firs evaluate pixel-wise uncertainty using established methods such as entropy
and MC dropout. Additionally, we compute four image-wise uncertainty measures: H̄ , ū (5),
ASSD S (6), and DSCS (7). To assess their effectiveness, we compare the Spearman correlations
of these metrics with segmentation performance, providing insights into how uncertainty rank-
ings align with actual segmentation performance. The U-Net model achieved a mean DSC of
0.82 and a median DSC of 0.91 on the test dataset.
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Figure 1: Histograms showing the distribution of binned Dice scores for each segmentation
class and all classes combined.

To analyze the segmentation performance across the dataset, we visualize the distribution of
DSC using a histogram, see Figure 1. The x-axis represents the DSC values, while the y-axis
indicates the frequency of occurrences on a logarithmic scale.

The histograms of the three classes show a bimodal distribution with a high frequency of
samples with DSC close to 1, a very low frequency of samples in the mid-range (0.1–0.85)
and a notable peak at 0, which occurs when either the prediction or the ground truth is com-
pletely missing while the other is present. The mean and median DSC scores for the LV class
is highest, with a notably smaller amount of predictions with a score under 0.9. These dis-
tributions highlight that while the majority of segmentations are accurate, there are cases of
inaccurate segmentations. The range of these inaccuracies spans from complete segmentation
failure (DSC = 0) to small deviations only at the edges of classes, which may correspond to
difficul or ambiguous samples, underlining the importance of identifying uncertain cases and
ranking them for potential humanvalidation.
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3.1 Pixel-wise Uncertainty

We computedMCDV and entropy on a pixel basis and provide the five probabilistic inference
outputs(Sample 1 - Sample 5), as well as the given GT for three examples in Figure 2. All three
images are cropped to fi the ground truth segmentation for visualization, thus the resolution
differs between them. Image ⋆ presents a typical mid-ventricular slice with a high DSC of
0.97. The entropy Hx is only raised at the very borders of the classes, which suggests high
agreement between classes within a single prediction. Also, the predictions of all five samples
is close to identical, represented in a very high DSCS of 0.99. As for Hx, ux is only raised at
the borders. In case of Image ■ the DSC is significantl lower, mainly caused by errors in the
RV class, but also by disagreement regarding the LV-MYO border. Mislabeled pixels do indeed
show an increase in Hx, indicating lower agreement in areas that are predicted incorrectly.
However, the five sampled predictions show only slight differences, lowering the DSCS only by
a margin compared to Image ⋆. Lastly, Image ♦ is an example for segmentation failure with
a DSC of only 0.28. The overlap between the five sampled predictions (DSCS = 0.59) is very
low. Although Hx and also ux visually indicate high local disagreement, computing the mean
value over the entire image H̄ and ū fail to represent this information. This is likely due to the
significantl smaller segmentation, compared e.g. to Image ⋆.

Img.
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DSCS: 0.99

Sample 3 Sample 4 Sample 5

u: 0.012

MCDV

H: 0.012

Entropy

DSC: 0.97

Prediction GT

Img. DSCS: 0.96 u: 0.025 H: 0.024 DSC: 0.8

Img. DSCS: 0.59 u: 0.015 H: 0.014 DSC: 0.28
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En
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Figure 2: 3 Images from the test dataset with all 5 predictions from the probabilistic dropout
inference, MC DropoutVariance (MCDV), deterministic prediction and ground truth(GT)

3.2 Correlation of image-wise uncertainty measures

We investigated the potential of all 4 uncertainty measures for evaluating segmentation per-
formance during or after inference. To measure segmentationperformance of the trained model
against groundtruthon the test data ,we computedboth ASSD as well as DSC. As stated in [10]
both metrics are well established in medical image analysis.

Table 1 shows the Spearman correlations between uncertainty measures and segmentation
performance metrics for all 3 segments. We found little to no correlation between both entropy
and MCDV for all classes with both quality metrics. As evident in the examples in Figure 2
this probably caused by sensitivity of the metric in regard of relative segmentation size. The
correlations between ASSD S and ASSD for all classes range between 0.61 for the LV and 0.72
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for MYO and are consistent with the finding of Ng et al. [10] and supportthe feasibility of using
the measure for ranking predictions when a distance-based metric is needed. The correlation
between DSCS and DSC is even higher for all segments with lowest correlation for the class
LV at 0.74 and highest correlation for RV at 0.78. These finding suggest that DSCS is an even
better predictor for segmentationquality, especially when overlap-based metrics are considered
for segmentation quality.

Quality
Metric

Left Ventricle Myocardium Right Ventricle
DSCS ASSD S H̄ ū DSCS ASSD S H̄ ū DSCS ASSD S H̄ ū

DSC 0.74 0.57 0.12 0.22 0.76 0.43 0.01 0.01 0.78 0.64 0.12 0.17
ASSD 0.58 0.61 0.05 0.08 0.51 0.72 0.03 0.05 0.68 0.69 0.34 0.39

Table 1: Correlations between selected quality and uncertainty metrics

The plots in Figure 1 show the distributions of the computedDSC and DSCS for every image
in the test dataset for each segment as well as the combined score and measure for the multiclass
segmentation (blue). It can be observed that for complete segmentation failure the uncertainty
measure fails as an indicator for segmentation quality, as we measured a wide range of DSCS

for these cases, but show consistent results for the majority of data points.
Regarding computationalcost, in our experiments DSC was nearly twice as fast as our imple-

mentationof ASSD, using SimpleITK for findin segmentationcontours[9] and signed Maurer
distance [8]. When used as a segmentation quality predictor, computation times should be con-
sidered, as they scale linearly with the numberof compared samples.

0.0 0.2 0.4 0.6 0.8 1.0
DSC

0.0

0.5

1.0

D
SC

S

= 0.8

(a) Multiclass

0.0 0.2 0.4 0.6 0.8 1.0
DSC

0.0

0.5

1.0

D
SC

LV S

= 0.74

(b) Left Ventricle

0.0 0.2 0.4 0.6 0.8 1.0
DSC

0.0

0.5

1.0

D
SC

M
YO

S

= 0.76

(c) Myocardium

0.0 0.2 0.4 0.6 0.8 1.0
DSC

0.0

0.5

1.0

D
SC

RV S

= 0.78

(d) Right Ventricle

Figure 3: Correlation plots showing the relationship between DSC. The x-axis represents the
DSC between predictions and ground truth, while the y-axis represents the DSC between sam-
ples. The colormap in each subplot indicates point density estimated using Gaussian kernel
density estimation (KDE), and a regression line illustrates the trend.
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4 CONCLUSION

We presented our finding on correlations between chosen uncertaintymeasures and segmen-
tation quality metrics. In particular, when the application requires a high volumetric accuracy,
e.g. when determiningthe stroke volume, the inter-sample DSC offers high potential for ranking
segmentations by predicted quality at a lower computational cost than other metrics comparing
segmentation samples. Simply computing the entropy of a deterministic model or even com-
puting MC dropoutaverage showed little to no correlation with volumetric as well as distance
based quality metrics.

As reasoned in [10], the physical meaning of distance metrices such as ASSD can provide
useful insights depending on the medical application. However, we found that dealing with
missing classes in one of the two compared segmentations leads to ambiguous results, as the
metric itself, as stated in subsection 2.3, is not define in these cases. Aggregating ASSD scores
across segments and/or multiple samples introduces potential errors and increases ambiguity.
We did not explore further variations of the ASSD that could counteract these shortcomings,
but recognize the medical value a distance metric can offer.

If computation time is either not an issue, or is dominated by inference itself, we would
consider using both ASSD, or another distance-based metric like the mean average surface
distance (MASD), and DSC, following the recommendations in [7]. Furthermore, we do not
consider the available results as merely academic, but plan to integrate them into an evaluation
tool as a combination of image-wise and pixel-wise UQ measures. The calculated DSC sorts
the segmented images and MCDV highlights areas that require special attention.
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