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2% Abstract

27 Accurate and reliable medical image segmentation’is crucial for diagnosis and treat-
28 ment planning, yet current deep learning methods often lack calibrated uncertainty
29 estimates, limiting their clinicalstrustworthiness. To address this challenge, we sys-
2(1) tematically evaluate the effect of seven loss functions—Dice, Log-Cosh, Binary Cross-
32 Entropy, Tversky, Focal Tversky, Log Dice, and a Hybrid loss—on both segmentation
33 performance and uncertainty, quantification. Using U-Net architectures trained with
34 Monte Carlo Dropout, we assess pancreas and spleen segmentation on two benchmark
22 CT datasets from the Medical Segmentation Decathlon. Our results show that Dice
37 loss consistently achieves the highést segmentation accuracy (Dice score up to 0.87 for
38 spleen, 0.68 for pancreas,0.92¢or liver) while maintaining well-calibrated uncertainty
39 estimates across diverse training regimes. In contrast, alternative loss functions such
2(1) as Focal Tversky and Hybrid losses demonstrated potential in specific scenarios but
42 lacked robustnessi These findings highlight the importance of loss-function selection
43 for balancing segmentation accuracy and uncertainty, with Dice loss emerging as a
44 particularly reliable choice. This work provides novel insights into how loss functions
22 influen¢e uncertainty—error alignment, offering guidance for the development of more
47 trustworthy segmentation models in clinical workflows.

22 Keywords: Segmentation, Uncertainty Quantification, Deep Learning, Loss Function, Monte
50 Carlo Drepout

51

52 .

53 1. Introduction

54

55 Aceurate medical image segmentation is an important image-based task that enables precise
g? diagnosis, treatment planning, and disease monitoring. In particular, the pancreas and spleen
58
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present significant challenges for segmentation owing to their complex anatomical shapes,
variability among patients, and proximity to other organs. These complexities make reliable
segmentation essential, yet difficult to achieve, particularly when using automated methods.

Deep learning models[I], notably those based on the U-Net architecture[2], havexévolu-
tionized medical image segmentation by leveraging convolutional neural networks to capture
intricate spatial hierarchies in imaging data. In clinical applications, understanding the con-
fidence level of model predictions is vital for ensuring patient safety"and building trust in
automated systems. Uncertainty quantification [3H7] allows clinicians to asséss the reliability
of segmentation results, guide decision-making processes, and identify areasthat may require
further expert review. by

The aim of this study is to provide insights into selecting appropriate loss functions that
can simultaneously optimize the segmentation performance and preduce reliable uncertainty
estimates. This knowledge is crucial for the development ofimore trustworthy and clinically
applicable deep learning models for medical image segmentation. By enhancing both the
accuracy and interpretability of automated segmentation tools, this study contributes to
bridging the gap between advanced computational methods and their practical deployment
in healthcare settings, ultimately aiming to improve patient care through reliable diagnostic
support.

This study investigates the impact of different loss functions on both segmentation perfor-
mance and uncertainty estimation in deep-learning=based pancreas and spleen segmentation.
We systematically evaluate seven doss functions—including Dice loss, log-cosh loss, binary
cross-entropy, Tversky loss, focal Tversky loss, log Dice loss, and a hybrid loss—using a U-
Net architecture and Monte Gaxlo dropout for uncertainty estimation [8]. Experiments were
conducted on two distinct datasets,.for pancreas and spleen segmentation, with variations
in training epochs and learning rates, to assess the robustness of each loss function. The
insights gained regarding therelationship between the loss functions, segmentation accuracy,
and uncertainty estimation can imform the development of deep learning models for other
medical imaging tasks.

This work makes thefollowing contributions:

e Comprehensive Comparative Study: We provide a systematic comparison of seven loss
functions to evaluate their effect on both segmentation performance and uncertainty
calibration.

e Cross-Organ Robustness Analysis: The experiments are conducted on pancreas and
spleen datasets under varying training regimes, allowing us to assess the generalizability
of each loss function.

e Key FEmpirical Findings: Our results indicate that Dice loss consistently delivers high
segmentation accuracy while maintaining low predictive uncertainty, making it a strong
candidate for clinical use.
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e Insights for Clinical Interpretability: Beyond numerical results, we analyze the,rela-
tionship between uncertainty estimates and segmentation reliability, emphasizing, their
role in supporting safer, Al-assisted clinical decision-making.

2. Related Work

2.1. Loss Functions for Medical Image Segmentation

Loss function design plays a central role in medical image segmentation, particularly in
handling class imbalance and boundary ambiguity. Traditional pixelswise losses such as Bi-
nary Cross-Entropy (BCE) are widely used but often perform poérly indimbalanced settings,
where the foreground organ occupies a small fraction of the image.” Region-overlap losses
such as Dice and Jaccard have been shown to improve robustness in these cases by directly
optimizing similarity between predicted and ground-tfuth, masgks [8, [9]. Extensions such as
the Tversky and Focal Tversky losses introduce tunable parameters to control false positives
and negatives, offering flexibility in highly imbalanced,datasets. Hybrid approaches that
combine pixel-wise, region-based, and structural similarity#metrics have also been proposed
to better capture fine anatomical boundagies [8, 9]/ Despite these advances, most prior stud-
ies focus on segmentation accuracy alone; without systematically investigating how different
loss functions affect model uncertainty.

2.2. Uncertainty Quantification in_Segmentation

In parallel, uncertainty estimation has become increasingly important for clinical adoption of
deep learning models. Monte Garlo Dropout [4] [10] is a widely used Bayesian approximation
technique that captures model (epistemie) uncertainty by performing multiple stochastic for-
ward passes during inferenée. Extensions include probabilistic U-Net models [I1], ensemble
methods, and confidencel¢calibration approaches [12-14]. These methods provide pixel-wise
uncertainty maps that‘highlight regions where predictions are unreliable, enabling clinicians
to identify areas that require, manual review. Previous work has applied uncertainty esti-
mation to tumor Segmentation, radiotherapy planning, and organ delineation [I5HI7], but
most studies evaluate uncertainty in isolation rather than jointly with segmentation accuracy
under different loss funetions.

2.3. Research.Gap

While prior work has independently explored segmentation losses [18] and uncertainty quan-
tification techmiques [19] 20], there is limited systematic evaluation of how the choice of loss
function influences both segmentation accuracy and the quality of uncertainty estimates.
This gapsis particularly relevant in medical imaging, where reliable uncertainty maps are
essential for clinical interpretability. Our study addresses this gap by performing a compar-
ative evaluation of seven widely used and emerging loss functions, analyzing their impact
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not only on segmentation performance but also on uncertainty calibration across tworergan

datasets.
3. Methods

3D CT Volume

Segmentation Mask Uncertainty Map

Pre-Processing Loss Function ~
¢ 'L Monte-Carlo Dropout
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Figure 1: Workflow for Uncertainty Quantificationiin Medical Image Segmentation. The
workflow starts with data collection, followed by preprocessing and training the U-Net model
using various loss functions. After training, Monte Carlo Dropout is applied for uncertainty
estimation, and the results are visualized.

As illustrated in Figure [l »our overall methodology comprises several key stages. The
process begins with data collegtion,and preprocessing, continues with training the U-Net
based segmentation model using a variety of loss functions, and concludes with uncertainty
estimation using Monte CarlosDropout. This comprehensive workflow ensures that both
segmentation accuracy and predictive uncertainty are rigorously quantified.

3.1. Datasets

The datasets used in this study were obtained from the Medical Segmentation Decathlon
(MSD) , a collection curated to promote the development of generalizable algorithms across
diverse medical 1maging tasks. All data were provided in the Neuroimaging Informatics
Technology Initiative (NIfT'T) format, which is widely adopted for storing medical imaging
data owing to itsmability to handle multidimensional datasets and associated metadata.

3.1470 Pancreas Dataset

The pancreatic dataset focuses on the segmentation of the pancreas and pancreatic tumors
using abdeminal computed tomography (CT) scans. It comprises 420 three-dimensional (3D)
volumes (282 training, 138 testing) acquired in the portal venous phase and sourced from
the Memorial Sloan Kettering Cancer Center. To enable efficient model training, each 3D

4

Page 4 of 29



Page 5 of 29

oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - BPEX-105410.R1

volume was decomposed into axial 2D slices, resulting in a total of 26,719 annotated samples
for training and testing. A significant challenge presented by this dataset is pronéunced. label
imbalance, characterized by large background regions, medium-sized pancreatic structures,
and small tumor areas. This imbalance poses difficulties for segmentation algorithms; par-
ticularly for accurately identifying and delineating small tumor regions in thepredominant
background.

3.1.2.  Spleen Dataset

The spleen dataset consists of CT scans aimed at spleen segmentation; comprising 61 3D
volumes (41 training, 20 testing), also sourced from the Memorial Sloan Kettering Cancer
Center. Similar to the pancreas dataset, the 3D volumes wererdecomposed into 2D slices,
yielding 3,650 annotated samples in total. This datasetypresents the challenge of a wide
range of foreground sizes owing to significant variabilityin spleen(size among patients. Such
variability requires the segmentation model to be robust to anatomical and scale variations,
ensuring accurate segmentation across diverse patient anatomies.

&
3.1.8. Atlas23 Dataset

The Atlas23 (often referred to as the ATLASliver dataset) dataset was additionally used
to evaluate the generalization capability of the proposed approach. This dataset is used
for benchmarking of automatic liver segmentation algorithms, particularly in the context
of hepatocellular carcinoma. This is a eontrast-enhanced magnetic resonance imaging (CE-
MRI) dataset with 60 volumetrie scans, comprising a total of 4,744 axial slices. Among these,
48 volumes (3,795 slices) were artilized for training and 12 volumes (949 slices) for testing.
This data was acquired primarily on' Siemens 1.5T and 3T MRI machines, with some on
GE equipment. The dataset provides high-quality anatomical annotations that enable the
assessment of segmentation performance across diverse imaging modalities, complementing
the C'T-based pancreas and spleen datasets used in this study.

3.2. Data Preprocessing

Preprocessing is a eritical step in medical image segmentation with the aim of enhancing
image quality, reducing noise, and standardizing data for efficient model training. Appropri-
ate preprocessing improves model convergence and contributes to more accurate and reliable
segmentation outeomes, which are essential for clinical applicability.

3.24 Conwersion from 3D Volumes to 2D Slices

To'reduce the computational complexity and memory requirements, 3D CT volumes were
decompesed into two-dimensional (2D) axial slices. This approach simplifies the segmenta-
tiomntask by enabling the use of 2D convolutional neural networks (CNNs), which are less
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resource-intensive than their 3D counterparts. Each 2D slice was paired with its correspond-
ing segmentation mask to ensure the spatial alignment and consistency. This sli¢ing strategy
facilitates more manageable data handling and accelerates the training process without sig-
nificantly compromising the spatial context required for an accurate segmentation:

3.2.2.  Intensity Windowing

(a) (b)

Figure 2: Comparison between(a) normal and (b) organ-specific windowed visualization of
a CT image. The window,width (WW) range of 0-300 HU optimizes contrast between organ
tissue and surrounding strugures, and the window level (WL) of 150 HU enhances organ
detail visibility.

As demonstrated myFigure [2] intensity windowing—specifically Hounsfield Unit (HU)
windowing—wagrapplied to focus on the relevant intensity ranges that best represent the
target organsd” CT images encompass a broad spectrum of HU values, and restricting this
range enhances the contrast between the organs of interest and the surrounding tissues.
While thesHU wvalue ranges for specific organs can vary depending on the CT scanner and
patientsspecificdactors, windowing was utilized without specifying exact ranges to generalize
the method and avoid scanner-specific dependence. This step is crucial for differentiating the
pancreas and spleen from adjacent anatomical structures and mitigating scanner-dependent
intensity variations, thereby improving the model’s ability to learn meaningful features.

Page 6 of 29
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3.2.3.  Median Filtering

To further improve image quality, a median filter was applied to each 2D slice. Median filter-
ing is effective in reducing noise while preserving important edge information, which is/vital
for accurate segmentation. By replacing each pixel value with the median ©f.its neighboring
pixels within a specified kernel size (typically 3 x 3), this nonlinear téchniquesdiminishes
the impact of outliers and random noise, resulting in smoother images with well-preserved
anatomical boundaries. The smoothing effect aids the model by focusing on significant
structural features, rather than being distracted by high-frequency noise.
~

3.3. U-Net Architecture

The U-Net architecture [2] was employed for the segmentation tasks due to its proven ef-
fectiveness in biomedical image segmentation. The network follows a symmetric encoder—
decoder design with skip connections that fuse low-level andshigh-level feature maps, enabling
both precise localization and global context understanding.

The encoder (contracting path) consists of fouridownsampling stages, each comprising
two successive 3 X 3 convolutional layers with He-ngrmal iﬁitialization, batch normalization,
and rectified linear unit (ReLU) activation. Each(stage is followed by a 2 X 2 max-pooling
layer for downsampling and a dropout layeri(rate = 0.15-0.3) to reduce overfitting. The
number of filters doubles at each stage, progressing from 16 to 32, 64, 128, and finally 256
at the bottleneck.

The decoder (expanding path) mirrers the encoder with four upsampling stages. Each
stage begins with a transposed,convolution(3 x 3, stride = 2) followed by concatenation
with the corresponding encodersfeature maps via skip connections. Two 3 x 3 convolutional
layers with batch normalization and ReLU activation are then applied, along with dropout
after concatenation to preservestobustness.

At the output, a 1 x'1 cenvolution with sigmoid activation produces a single-channel
probability map forsbinary segmentation. This design ensures that both global anatomical
context and fine struetural details are preserved.

To balance effi¢iency, and performance, we empirically selected an initial filter count of
16 and limited ghe network depth to five levels. Preliminary tests with smaller (8 filters)
and larger (32dfilters),initial filter counts showed that 16 provided the best trade-off, achiev-
ing comparable segmentation accuracy while avoiding unnecessary computational overhead.
This configuration réduced the memory footprint and training cost without sacrificing seg-
mentation quality, aligning with sustainable computing practices.

3.4. Loss Functions

Sevenndifferent loss functions were explored to evaluate their impact on segmentation perfor-
mance and uncertainty estimation. Each loss function addresses specific challenges in medical
image segmentation, such as class imbalance, boundary precision, and optimization stability
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[8,9]. The loss functions employed include Dice Loss, Log-Cosh Loss, Binary Cross-Entropy
Loss, Tversky Loss, Focal Tversky Loss, Log Dice Loss, and a Hybrid Loss combining Jaccard
Loss, Binary Cross-Entropy Loss, and Structural Similarity Index Measure (SSIM) Loss.

e p; is the predicted probability for pixel 7.
e ¢; is the ground truth label for pixel i.

e c is a small constant to prevent division by zero.

3.4.1. Dice Loss

Dice Loss [8, ] is derived from the Dice Similarity Coefficient,(DSC) and is particularly
effective for handling class imbalance by focusing on the overlap” between the predicted
segmentation P and the ground truth G:

2Y . pigit e

L ice — 1—
b i Dt gy

(1)

where p; is the predicted probability fer pixel 4, g; is the ground-truth label, € is a small
constant to prevent division by zero, and the summation runs over all pixels. This loss
function emphasizes the correct prediction of the minority class, which is critical in medical
segmentation tasks with imbalanced data.

3.4.2.  Log-Cosh Loss

Log-Cosh Loss [8, 9] combines the advantages of Mean Squared Error (MSE) and Mean
Absolute Error (MAE), providing a smooth and robust alternative:
N

ELog—Cosh = Z IOg (COSh(pi - gz)) (2)

This loss functien.is less sensitive to outliers and can improve convergence during train-
ing. By smoothly penalizing larger errors, the model focuses on reducing overall prediction
discrepancies without being disproportionately influenced by extreme values.

3.4.3.  Binary/Cross-Entropy Loss

Binary (Cross-Entropy (BCE) [8, 9] Loss measures the pixel-wise discrepancy between the
predictedprobabilities and ground truth labels:

Lpce = — Z [9ilog(p;) + (1 — g;) log(1 — pi)] (3)

Page 8 of 29
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BCE is commonly used in binary classification tasks, and is effective for segmentation
when combined with other loss functions. It provides a straightforward measure of the dif-
ference between predicted probabilities and actual labels, encouraging the model to produce
confident and accurate predictions.

3.4.4. Tversky Loss

Tversky Loss [8, 0] generalizes Dice Loss by introducing adjustablé parameteérs to balance
false positives and false negatives:

~
. Zipigi + €
Yoipigi+adpi(l—g)+ B30 — pi)gi + €

where o and 3 are weighting factors that control the peémalties for false positives and false

(4)

£Tversky =1

negatives, respectively. By adjusting these parameters, the lossifunction can be tailored to
prioritize the reduction of specific types of errors,swhich is'beneficial in medical contexts

where the costs of false negatives and false positives,may. differ significantly.
L

3.4.5.  Focal Tversky Loss

Focal Tversky Loss [8, 9] extends Tversky,Loss by incorporating a focusing parameter =,
enhancing model training on hard examples:

3 >_iDigi +¢€ )7
> iigi +ay i pi(l—gi) + B8 ,(1—pi)gi+e¢

This loss function is parti¢ularly useful for highly imbalanced datasets, as it focuses on

EFocal Tversky — <1 (5)

the learning process of difficult-to-classify pixels and improves the model’s ability to correctly
segment small or complex structures.

3.4.6.  Log Dice Loss

Log Dice Loss [8, 9] applies alogarithmic transformation to the Dice Coefficient, emphasizing
smaller overlap #egions and providing stronger gradients when the overlap is minimal:

2> igi+e )
Zipi + Zigi + €

This transformation makes the loss function more sensitive when the Dice Coefficient is low,

£Log Dice — — lOg ( (6)

thereby encouraging the model to improve in areas where it performs poorly.

3.4 Hybrid Loss

Hybrid Loss [8, 9] combines multiple loss functions to exploit their strengths. In this study,
the Jaccard Loss, Binary Cross-Entropy Loss, and Structural Similarity Index Measure
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(SSIM) loss are defined as follows:

Lttybrid = Ljaccard + LBcE + Lssim (7)

Jaccard Loss: Jaccard Loss measures the similarity between predicted and. groundstruth
regions by computing the ratio of their intersection over union. It penalizes mismatched
regions and is particularly effective in handling class imbalance by focusingen overlap rather
than pixel-wise differences. The formulation is given by:

> i Digi
£ accard — 1— ! - 8
Jaccard Yoibit 29— Y Dili (8)

Structural Similarity Index (SSIM) Loss: SSIM Loss focuses on eapturing structural infor-
mation and preserving image quality at the boundary, which. is crucial for ensuring accurate
contour detection in medical applications. The SSIMAoss funetion is formulated as follows:

Lssiv = 1 — SSIM(P, G) (9)
- 4
where SSIM(P, G) is the structural similarity index computed for the predicted image P

and the ground truth image G. The SSIM function is<defined as

uppa +65)(20pa + Co)
(upt pigat C1)(0F + 0% + Ca)

SSIM(P, G).= (10)

where: up and pg are the mean intensities of P and G, op and o are their standard
deviations, opqg is the covariance between P and G, C7; = 0.012 and (5 = 0.032 are small
constants that prevent division\by Zero;

The inclusion of SSIM Loss encourages the model to consider the structural integrity
of images, preserve spatial. details, and ensure perceptually accurate segmentation. This
is particularly beneficial in medical imaging applications where fine anatomical details are
critical for diagnosisrand treatment planning.

3.5. Uncertainty Calculation Using Monte Carlo Dropout Method

Uncertainty quantificationy[4] is pivotal in medical image analysis to evaluate the reliability
of modelpredictions, thereby enhancing clinical decision-making. This provides insights into
areas where thé model is less confident, indicating the need for cautious interpretation or
further, analysis.

In this study, uncertainty was estimated using the Monte Carlo Dropout method[4].

Monte Carlo Dropout (MC Dropout) is a practical Bayesian approximation method
that enables uncertainty estimation without altering the training process. In conventional
dropout, units are randomly deactivated during training to reduce overfitting, but disabled

10
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Table 1: Summary of the loss functions evaluated in this study, theirkey properties, and
intended advantages.

Loss Function

Key Property

Intended Advantage

Dice Loss

Based on Dice Simi-
larity Coefficient

Handles classimbalance by maximizing
overlap between predicted and ground
truth regions.

Log-Cosh Loss

Smooth variant of

MSE/MAE

Robustyto outliers and stabilizes opti-
mization during training.

Binary Cross-Entropy
(BCE) Loss

Pixel-wise probabilis-
tic loss

Simple and widely used; encourages
confident predictions but may suffer
from imbalance.

Tversky Loss

Weighted  generaliza-
tion of Dice

Allows tuning trade-off between false
positives and false negatives; useful
when one type of error is more criti-
cal.

Focal Tversky Loss

Adds focusing param-
eter to Tversky
N

Emphasizes hard-to-classify pixels; im-
proves segmentation of small or com-
plex structures.

Log Dice Loss

Logarithmic transfor-
mation of Dice

Provides stronger gradients in low-
overlap regions; improves convergence
in difficult cases.

Hybrid Loss

Combination of Jac-
card, BCE, and SSIM

Balances region overlap, pixel-level ac-
curacy, and structural integrity for fine
anatomical details.

11
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at inference. In MC Dropout, the dropout layers are instead kept active during ‘inference,
and the same input is passed through the network multiple times, each time with a different
dropout mask applied. This produces a set of stochastic predictions that approximate a
posterior distribution over the model’s outputs .

In this study, each input slice was passed through the trained U-Net 7" =20 times with
dropout enabled, and the resulting probability maps were aggregated to compute:

Predictive mean: the average probability across all passes, usedras the final segmen-
tation prediction.

Predictive uncertainty: pixel-wise entropy and standard dewviation across passes,
quantifying epistemic uncertainty (model-related uncertainty due 0 limited data).

The entropy-based uncertainty quantifies the randomness, of the predicted probability
distribution for each pixel, as follows:

Uy = _Zpi,clogpi,c (11)

where U; is the uncertainty of pixel 7, p; . is thé predieted probability of pixel ¢ belonging
to class ¢, and the summation runs over all the clagées. "

This method is particularly suitable for medical image segmentation because it provides
not only a segmentation mask but also an uneertainty map that highlights regions where pre-
dictions are unreliable, often corresponding to blurred anatomical boundaries or ambiguous

tumor regions.

3.6. Evaluation Metrics

Several metrics were employed to comprehensively assess the segmentation models and reli-
ability of the uncertainty estimates. Hach metric evaluates different aspects of the model’s
performance and predictiye confidence.

3.6.1.  Test Dice Coefficient

The Test Dice Cogfficient measures the overlap between the predicted segmentation and the
ground truth omsthe test set. It is defined as:

2> . Digi + €

Zipi+zigi + €

The Dice Coefficient ranges from 0 (no overlap) to 1 (perfect overlap), providing a quanti-

Dice =

(12)

tativemmeasureof segmentation accuracy. A higher Dice score indicated better performance,
reflecting the ability of the model to accurately segment the target organ.

12
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3.6.2.  Uncertainty Mean and Standard Deviation

The Mean and Standard Deviation of the uncertainty quantify the average predictive uncer-
tainty across all pixels and their variability. These metrics are derivedsfrom entropy-based
uncertainty calculations using the Monte Carlo Dropout method.

Uncertainty for Each Pixel: The entropy-based uncertainty for pixel.i was calculated
as follows:
Ui=— sz‘,c log pj ¢ (13)
c ~
where p; . is the predicted probability of pixel 7 belonging to classie and the summation runs
over all classes.

Uncertainty Mean:
N

) 1
Uncertainty Mean = N Z:ZI Ui (14)
where N denotes the total number of pixels. This metrie ﬁrovides an overall measure of the
model’s predictive uncertainty:.

Uncertainty Standard Deviation:

N
UncertaintgnStd = Z (U; — Uncertainty Mean)? (15)
i=1

Q
N

This metric assesses the variability of tncertainty across the image, indicating how consis-
tently the model predicts the uncertainty.

3.7. Mean Prediction Mean and Standard Deviation

The mean Prediction Mean and Standard Deviation assess the average predicted probabilities
and their variability, reflecting the confidence and consistency of the model in its predictions.

3.7.1.  Mean Predictionnfor Each Pixel

The mean predicted probability for pixel ¢ across multiple stochastic forward passes is defined

as
T

1 (t)
pi = szz (16)

t=1

where pét) is the predicted probability at the ¢-th forward pass and T is the total number of
forward passes.

13
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3.7.2.  Mean Prediction Mean
The Mean Prediction for all pixels was calculated as follows:

N
- 1 _
Mean Prediction = N E Di (17)

=1

where N is the total number of pixels. This metric indicates the average confidence level of
the model across all the pixels.

~
3.7.8. Mean Prediction Standard Deviation
The Mean Prediction Standard Deviation is calculated as follows:
N
Mean Prediction Std = S Z(ﬁ — Mean Prediction)? (18)
N i=1 :

This metric measures the variability of the model’s predicted probabilities, highlighting the
regions in which the confidence of the model fluctuates.

3.8. Training Setup

The training configurations were meticulously.designed to ensure robust model performance
and facilitate a thorough analysis of the logs functions. All experiments were conducted using
TensorFlow as the deep-learning, framework, leveraging its advanced features for building
and training neural networks.4#The models were trained on a workstation equipped with a
NVIDIA RTX A5000 graphics card.

The Adam optimizer was employéd owing to its adaptive learning rate capabilities and
efficient handling of sparse gradients. An initial learning rate of 0.01 was set for both datasets.

A learning rate seheduler callback was implemented, reducing the learning rate to 10% of
its previous value every four epochs. This strategy helped prevent vanishing gradients and
promoted smooth/convergenee by enabling larger updates during the early stages of training
and finer adjustments as training progressed. The models were trained for 20 epochs, with an
early stopping mechanism monitoring the validation Dice Coefficient to prevent overfitting.
Across all experiments, the model weights corresponding to the highest validation Dice
Coefficient'wereisaved for evaluation and deployment.

In addition €0 the primary training setup, an ablation study was conducted on the spleen
datasetr torexamine the influence of learning rate variations and extended training duration
on/the performance and consistency of loss functions. Specifically, models were trained for
40 epochs with learning rates of 0.1 and 0.001. This exploration aimed to study the stability
and behavior of different loss functions under varying training regimes, providing deeper
insights into their impact on model performance.
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Furthermore, an additional ablation study was performed where models were selected
based on the lowest validation loss, rather than the highest validation Dice Coefficient: This
study was designed to investigate whether there exists any inherent bias toward Dice Loss
when optimizing solely for Dice-based metrics during model selection.

4. Results

Table 2: Segmentation performance on the Pancreas dataset usimg different loss functions.
The table reports the Dice Score, Uncertainty Mean, and Ungertaimty Standard Deviation
across models trained with U-Net architecture.

Loss Function Dice Score | Uncertainty Mean | Uncertainty Std
Log Cosh Loss 0.4747 0.008646 0.002048
Dice Loss 0.6838 0.000446 0.000732
Focal Tversky Loss 0.6699 0:000542 0.000867
Tversky Loss 0.6784 0.000555% 0.000878
BCE Loss 0.6270 0.001356 0.001828
Log Dice Loss 0.6681 0.000424 0.000690
Hybrid Loss 0.5680 0.000704 0.000969

Table 3: Segmentation performance on'the Spleen dataset using different loss functions. The
table reports the Dice Score, Uncertainty Mean, and Uncertainty Standard Deviation across
models trained with U-Net architecture.

Loss Function \Dice Score | Uncertainty Mean | Uncertainty Std
Log Cosh Loss 0.2987 0.3712132 0.002048
Dice Loss 0.8733 0.0003376 0.000732
Focal Tversky Loss 0.8583 0.0004006 0.000867
Tversky lsoss 0.8603 0.0004455 0.000878
BCE Loss 0.7671 0.0041139 0.001828
Log Dice Loss 0.7853 0.0004672 0.000690
Hybrid Loss 0.8000 0.0004426 0.000969

Tables present the quantitative performance metrics for the different loss functions
evaluated in this study. Table 2] summarizes the segmentation performance on the pancreas
dataset, whereas Tables detail the results on the spleen and atlas23 datasets under
varying training regimes and learning rates. As shown in Table [2| the Dice Loss consistently
achieves a higher Dice Score (0.6838) compared to other loss functions, accompanied by
notablylower uncertainty measures, indicating better segmentation consistency.

For_the spleen dataset, Table [3| highlights that Dice Loss outperforms alternative loss
functions in terms of both segmentation accuracy and uncertainty calibration, establishing
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Table 4: Segmentation performance on the Atlas23 dataset using different loss funetions.
The table reports the Dice Score, Uncertainty Mean, and Uncertainty Standard Deviation
across models trained with U-Net architecture.
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Table 5: Ablation study on the Spleen dataset with a learning rate of 1 x 10~! for 40 epochs.
Dice Score, Uncertainty Mean, Uncertainty Standard-Deviation, Mean Prediction, and Mean

Prediction Standard Deviation are reported.

Loss Function Dice Score Uncertainty Uncertainty
Mean Std

Log Cosh Loss 0.8658 0.039621 0.043659
Dice Loss 0.9241 0.003053 0.027146
Focal Tversky Loss 0.9277 0.003350 027972
Tversky Loss 0.9179 0.003146 0.027306
BCE Loss 0.8962 0.016933 0.052711

Log Dice Loss 0.9174 0.004144 0.027622
Hybrid Loss 0.9268 04005281 0.032427

Loss Function Dice Score | Uncertainty Mean | Uncertainty Std | Mean Prediction | Mean Prediction Std
Log Cosh Loss 0.00002 0.000033 0.000015 0.000003 0.000001

Dice Loss 0.8698 0.000327 0.000553 0.0040 0.0086

Focal Tversky Loss 0.8185 0.000726 0.001031 0.0055 0.0095
Tversky Loss 0.1704 0.004741 0.005464 0.0050 0.0344

BCE Loss 0.0654 0.013086 0.009289 0.0041 0.0036

Log Dice Loss 0.7732 ~0:000636 0.000817 0.0045 0.0080
Hybrid Loss 0.8181 0.000908 0.001211 0.0049 0.0088

Table 6: Ablation study en the Spleen dataset with a learning rate of 1 x 10~3 for 40 epochs.
Dice Score, Uncertainty Mean, Uncertainty Standard Deviation, Mean Prediction, and Mean

Prediction Standard Deviation are reported.

Loss Fungtion Dice Score | Uncertainty Mean | Uncertainty Std | Mean Prediction | Mean Prediction Std
Log Cosh Loss 0.1852 0.111076 0.000765 0.022004 0.008392
Dice Loss 0.8726 0.001892 0.000432 0.004636 0.008829
Fogal Tversky Loss 0.8432 0.002733 0.000663 0.005209 0.009439
Tyersky LosS 0.7867 0.006703 0.000724 0.005831 0.009353
BCE, Loss 0.2822 0.071881 0.001007 0.022004 0.008392
Log Dice Loss 0.8307 0.005613 0.000521 0.004984 0.008756
Hybrid Loss 0.7946 0.006085 0.000662 0.005754 0.009247
16
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Table 7: Evaluation on the Spleen dataset using validation loss criteria with a learning rate
of 0.01 for 20 epochs.

Loss Function | Dice Score | Uncertainty Mean | Uncertainty Std | Mean Prediction”| Mean Predietion Std
Log Cosh Loss 0.0361 0.047324 0.0200 0.0107 0.0079
Dice Loss 0.8697 0.000239 0.0074 0.0033 0:0562
Focal Tversky 0.7815 0.000552 0.0106 0.0035 0.0576
Tversky Loss 0.8858 0.000636 0.0103 0.0039 0.0103
BCE Loss 0.6134 0.013980 0.0168 0.0050 0.0460
Log Dice Loss 0.7695 0.000423 0.0092 0.0029 0.0519
Hybrid Loss 0.8028 0.000956 0.0098 00033 o 0.0548

its robustness across different datasets. This observation is further strengthened by the ab-
lation studies presented in Tables [5| and [6] which investigate the impact of different learning
rates and training durations. The confidence metrigs®(MeanyPrediction and its Standard
Deviation) further indicate that Dice Loss consistently yieldsisuperior performance, demon-
strating higher segmentation accuracy and more stablésprediction confidence across various
experimental setups. In addition to the pancreas and spleew datasets, the proposed approach
was also evaluated on the Atlas23 dataset (Table [). The results exhibit a consistent trend,
where Dice Loss continues to deliver superior segmentation accuracy and stable uncertainty
calibration, further confirming its robustness andigeneralizability across different anatomical
structures.

Finally, Table[7|demonstrates that even when using validation loss as the model selection
criterion, the Dice Loss maintains its dominance, as evidenced by lower uncertainty values
and improved segmentation performance. This additional evaluation using validation loss
was specifically conducted to/mitigate.potential bias toward Dice-based metrics. Notably,
even with this alternative model selection strategy, Dice Loss continues to outperform other
loss functions, reaffirminggits eff?ctiveness and stability for medical image segmentation tasks.

4.1. Violin Plots of Different Datasets Under Various Training Regimes
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Figure 3: Uncert: in plots for different datasets under varying training regimes. (a)
Uncertainty violin p the pancreatic dataset. (b) Uncertainty violin plot for the spleen
dataset wit “rate of 1 x 1071, (c) Uncertainty violin plot for the spleen dataset
with a learn 073. (d) shows the uncertainty violin plot for the Spleen dataset
over 20
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;g dataset with a learning rate of 1 x 1071 4
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28 4.3. Statistical Analysis of Uncertainty Metrics

29

30 Analysis of Variance (ANOVA) is a statistical method used to determine whether there are
g; significant differences between the means,of three or more groups. It assesses whether ob-
33 served variations among group means are likely to be due to actual differences or random
34 chance. In a one-way ANOVAg"a single independent variable (factor) was analyzed to de-
22 termine its effect on a dependent variable. The test calculates an F-statistic, which is the
37 ratio of variance between groups te.the variance within groups. A higher F-value suggests a
38 greater disparity among group means, and a corresponding p-value indicates the probability
23 that such differences,oecurred by‘chance.

41 To assess whethér the choice of loss function significantly influences the model’s un-
42 certainty estimatgs, we performed a one-way analysis of variance (ANOVA) on the mean
Zi uncertainty values obtained from the models trained with different loss functions. The un-
45 certainty values were derived from Monte Carlo dropout predictions and aggregated across
46 the validation set.

j; The ANOVA. test yielded an F-statistic of 2.14 x 10® , with a corresponding p-value of
49 0 (p < 0.001) om the spleen dataset for 20 epochs using a learning rate of 0.01. This highly
50 significanty, result indicates that there are statistically significant differences in the mean
g; uncertainty, estimates among the seven loss functions tested: BCE, Dice, Focal Tversky,
53 Tversky, Log Dice, Log Cosh, and Hybrid.

54 These findings suggest that the selection of a loss function not only affects segmentation
gg accuracy but also has a profound impact on the model’s uncertainty quantification. This
57

58

59 19



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - BPEX-105410.R1

also reaffirms the importance of carefully choosing loss functions in applications in which
reliable uncertainty estimation is critical.

5. Discussion

This study provided a comprehensive analysis of various loss functioens, for pancreas and
spleen segmentation using a U-Net architecture, along with an eyaluationhof uncertainty
quantification in medical image segmentation. The quantitative results reported in Tables [2]
B3, B}, [6l and [7] consistently demonstrate that Dice Loss achievesthe highest Dice Scores and
the lowest uncertainty measures across different datasets and training regimes.

The uncertainty violin plots presented in Figure |3| further corroborate these findings.
Subfigure (a) illustrates the uncertainty distribution for the pamereas dataset, while sub-
figures (b), (c), and (d) display the spleen dataset under varying learning rates and epoch
settings. In all cases, models optimized with Dice Losg exhibit lower variability in uncertainty
estimates compared to those trained with alternative loss funetions.

Moreover, the confidence plots in Figure [4] provide additional support by highlighting that
the predictions made by models using Dice Laoss show hi’gher mean prediction values and
reduced prediction variability. This implies that Dice Loss not only enhances segmentation
accuracy but also leads to more reliable and consistent predictions—a crucial factor in clinical
decision-making.

Visual evidence from the final ‘segmentation results further strengthens our discussion.
In the best-case example (Figure , the, Dice Loss-based model produces a segmentation
with well-defined boundaries ‘and a corresponding uncertainty map that aligns closely with
the ground truth. Converselygsthe worst-case example (Figure @ reveals that alternative
loss functions tend to yield higher segmentation errors and elevated uncertainty levels in
challenging regions. N

Together, the integration of thése quantitative metrics, uncertainty and confidence visu-
alizations, and direet ¢omparisons of segmentation outputs underscores the robustness and
generalizability of Diee Loss across various scenarios. These comprehensive findings provide
valuable insights for developing high-performance segmentation models where both accuracy
and reliable uncertainty estimation are paramount.

5.1. Performance in Segmentation Accuracy

From the segmentation accuracy metrics provided in Tables it is evident that Dice
loss consistently achieves the highest Dice Coefficient (DICE) across both the pancreas and
spleén datasets. In contrast, other loss functions, such as Binary Cross-Entropy (BCE)
and Tversky, demonstrated lower DICE values, indicating a suboptimal overlap between the
predicted-and ground-truth segmentation masks. The performance gap between Dice and
these loss functions became particularly noticeable when evaluated under different learning
rates and training epochs, as illustrated by the validation Dice Coefficient plots (Figure 3).

20
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48 Figure 5 Segmentation results using different loss functions on an example slice of patient 62
49 in the spleen dataset. The rows represent the performance of different loss functions (BCE,
Tversky, Dice,Focal Tversky, Hybrid, Log Dice, Log Cosh) on a medical image segmentation
52 tagk. Coldmns display the original image, ground truth, predicted segmentation, and an
53 overlay of the uncertainty map on the original image.
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Figure 6: Segmentation results using different loss functions on an example slice of patient 51
in the spleen dataset. The rows represent the performance of different loss functions (BCE,
Tversky, DicegFocal Tversky, Hybrid, Log Dice, Log Cosh) on a medical image segmentation
task. Columns display the original image, ground truth, predicted segmentation, and an
overlay of the uncertainty map on the original image.
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Our experiments consistently demonstrated that Dice loss achieved superior segmentation
accuracy and uncertainty calibration across both pancreas and spleen datasets. This can
be explained by the characteristics of the Dice formulation and the imaging challenges.
Specifically, Dice directly optimizes for region overlap, making it robust to class imbalance
where background pixels dominate foreground organ pixels. In CT imaging of.the panereas
and spleen, where organs occupy relatively small portions of the field oféview and boundaries
are often blurred, this property ensures that the model focuses ontthe foreground organ
rather than being overwhelmed by the background.

However, Dice loss also has limitations. In the pancreatic datasety small tumor regions
are extremely underrepresented relative to the organ and backgroun(r In such cases, Dice
loss can become unstable when the true positive set is veryésmall, leading to poor gradient
flow. Alternative loss functions can provide advantages in these seenarios:

e Tversky and Focal Tversky Losses: By weighting false positives and false nega-
tives differently, they allow tuning toward higher sensitivity for small tumors, which is

critical in early cancer detection.

L
e Hybrid Loss: By combining region-based (Jaccard), pixel-wise (BCE), and structural

(SSIM) terms, this loss can bettetr. preserve fine anatomical boundaries, particularly
when organ contours are blurred.

e Log Dice Loss: By applying a legarithmic penalty in low-overlap regions, this loss
provides stronger gradients where Dice is weakest, which may help in segmenting very
small or irregular structures.

Thus, while Dice loss proved to be a,robust baseline across organs and training regimes,
other loss functions may offemeomplementary strengths in specialized scenarios such as tumor
segmentation, fine boundary delineation, or highly imbalanced datasets. This suggests a
potential avenue for future/work: hybrid training schemes that combine Dice with task-
specific losses to balange overall accuracy with sensitivity to clinically critical structures.

5.2. Uncertainty Analysis

The violin plots (Figure |4)) further highlight the superiority of Dice loss in terms of uncer-
tainty quantification. Medels trained with Dice loss exhibit lower uncertainty means and
standardddeviationsthan the other loss functions. This suggests that the predictions made by
the dice-optimized models are accurate, reliable, and consistent. In contrast, loss functions
suchsas BCE and Log Cosh display higher uncertainty values, indicating greater variability
in their prédictions.

Notably, the focal tversky loss also performs relatively well in some instances, but tends
to produce slightly higher uncertainty and variability compared to Dice, as observed in
the spleen dataset experiments with different learning rates. This may be attributed to
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the nature of Focal Tversky loss, which emphasizes difficult-to-segment regions, potentially
increasing prediction variability in less ambiguous regions.

An important aspect of clinical interpretability is whether uncertainty egtimates align
with segmentation errors. Visual inspection of the spleen dataset reSults (Figures4p| and
@ suggests that regions of high predictive uncertainty frequently coincide with boundaries
where the model misclassifies organ pixels, as well as with anatomically ambigueus or low-
contrast areas. This uncertainty—error overlap indicates that thesMonte Carlo Dropout
method is not only capturing model variability but also highlighting areas where the seg-
mentation is less reliable. From a clinical perspective, this property is crucial, as it allows
uncertainty maps to function as reliability indicators: areas of high tncertainty can alert
clinicians to potential segmentation errors, guiding them to réview or correct specific regions
rather than relying solely on automated outputs.

5.3. Confidence and Mean Prediction

The confidence plots (Figure 4] offer a deeper understanding of how well the model trained
with different loss functions generalizes its predi¢tions. Spegifically, the Mean Prediction and
its Standard Deviation provide insight into the'mgdel’s confidence in its output. Dice loss,
in both learning rate regimes (1 x 10~! andyl x 1072)gfexhibits the highest confidence levels
with relatively low prediction variability, indieating that it provides accurate, stable, and
reliable predictions. This is crucialder medical image segmentation tasks, where confidence
in the predicted boundaries is as important as segmentation accuracy itself.

Other loss functions, particularly BCEsand Hybrid loss, exhibit higher standard devia-
tions in Mean Prediction, indicating that their predictions fluctuate more across multiple
stochastic forward passes. This variability can potentially lead to uncertainty in clinical
decisions, making Dice loss a more suitable choice for tasks in which both accuracy and
confidence are required.

Throughout the experiments, the Dice loss function consistently emerged as the most
robust option across different settings, outperforming other loss functions in terms of higher
accuracy, lower uncertainty, and higher confidence. The consistent performance of Dice loss
across different datasets, learning rates, and epochs suggests that it can be generalized well
to various medical segmentation tasks, providing reliable outcomes in both well-defined and
ambiguous ségmentation cases.

Note that Dice Loss has'been widely used owing to its robustness and simplicity; however,
its limitations, sueh as sensitivity to class imbalance, poor calibration, and lack of region-
specific focus, were not studied in this work. On the otherhand, enhanced variants (Focal
Tversky and. liog Dice) or combining Dice Loss with other loss functions (hybrid loss) is
believed to improve segmentation accuracy and reduce uncertainty, but the results shown
here shows that the dice loss is superior compared to others. Dice Loss directly optimizes
the overlap between predicted and ground truth regions, making it inherently aligned with
the evaluation metric (DSC). This simplicity reduces the complexity and potential sources
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of error introduced by the additional parameters in the enhanced variants. By foeusing
solely on overlap, Dice Loss avoids introducing biases from additional weighting factors
or hyperparameters, which can sometimes amplify the uncertainty in predictions. It is well
known that Dice Loss works well with batch normalization, stabilizing training, andreducing
model overconfidence [21].

While other loss functions such as Focal Tversky and Log Dice perféerm relatively well in
certain instances, they often fall short in terms of confidence and predietionistability, which
are crucial factors in sensitive applications like medical diagnostics. This rebustness of Dice
loss can be particularly useful in clinical workflows, where decigion making relies on both
the accuracy and reliability of predictions. =

This study provides a comprehensive evaluation of both{segmentation accuracy and un-
certainty, which encourages the adaptation of a more holistic approach when assessing the
performance of deep learning algorithms, considering not only accuracy, but also uncertainty
and confidence in predictions. Usage of uncertainty using entropy has also utility in terms of
test time adaptation [22] as well as inference time cotrection [10] to provide better generaliza-
tion of models and also mitigate biases. Future algorithmms may be designed to output both
segmentation results and the associated uncertainty/conﬁdence levels, thereby enhancing
their utility in clinical workflows. This ¢ould lead to the development of more trustworthy
automated decision support systems.

5.4. Generalizability to Other Tasks.and Modalities

Although this study focuses on pancreas; spleen segmentation from CT scans and liver seg-
mentation from MRI scans, the findings have broader implications for other anatomical struc-
tures and imaging modalities £ The eonsistent performance of Dice loss across datasets and
training regimes suggests that its robustness may extend to organs with different anatomical
characteristics, such as the livel>kidneys, or lungs, where class imbalance and blurred bound-
aries are also common challenges. Furthermore, uncertainty quantification using Monte Carlo
Dropout is modality-agnosticiand can be readily applied to MRI, PET, or ultrasound imag-
ing, where variations.in eontrast and acquisition parameters introduce additional ambiguity.
Recent studies in liver and tumor segmentation, as well as boundary-aware segmentation ap-
proaches, similarlysemphasize the importance of jointly considering segmentation accuracy
and uncertainty calibration. Hence, while the pancreas and spleen serve as representative
case studies; thé principles' demonstrated here, particularly the advantages of Dice loss for
stable performancge’and the interpretive value of uncertainty maps are expected to general-
ize to a wide range of medical image segmentation tasks. Future work should empirically
validate this.generalizability across diverse organ systems and modalities.
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6. Conclusion

This study provided a comprehensive analysis of various loss functions in ghe context of
uncertainty quantification for pancreas and spleen segmentation using”U-Net architecture.
Across both datasets and under different training regimes, whether varying the number of
epochs or the learning rate, Dice Loss consistently emerged as the most robust performer.
Notably, the Dice Loss achieved the highest Dice Coeflicient alongawith low uncertainty,
demonstrating superior accuracy and reliability in predictive confidence.& This consistent
performance underscores the versatility and robustness of Dicerlloss, making it a strong
candidate for clinical applications where both accuracy and confidefice in segmentation are
paramount. In contrast, other loss functions, including Log=Cosh, Fogal Tversky, and Hy-
brid Loss, displayed greater variability in both segmentation performance and uncertainty
calibration. While these functions showed potential in ‘specific configurations, they lacked
the consistency exhibited by Dice Loss across a rangé of learning rates and epoch settings.
Furthermore, the ability of the model to maintaim high perfermance despite adjustments
in hyperparameters suggests its robustness and suitability in diverse clinical environments.
Future work will focus on integrating uncertainty measures into clinical workflows and en-
hancing trust in automated decision-support systems that can output both segmentation
results and associated uncertainty /confidenceilevels. These advancements could significantly
improve the reliability and applicability of automated segmentation tools in medical practice.

Data Availability

The Pancreas and Spleen datasetsiused in this study are publicly available as part of the
Medical Segmentation Decathlon (MSD)ychallenge at http://medicaldecathlon.com/.

The Atlas23 dataset usedsfer,additional validation is not publicly available but can be
accessed upon reasonable requiestefrom the corresponding authors of the paper titled “A
Tumour and Liver Automatic Segmentation (ATLAS) Dataset on Contrast-Enhanced Mag-
netic Resonance Imaging for Hepatocellular Carcinoma” by Félix Quinton et al. [23]. The
dataset was releaged as, part of the ATLAS challenge. Further details can be found at
https://doi.org/40.3390/data8050079.

Ethical Statement

This study used publicly available, anonymized medical imaging datasets (pancreas and
spleen segmentation datasets from the Medical Segmentation Decathlon). The Institutional
Review Board confirmed that no additional approval was required, and a waiver of ethical
approval was granted. The research was conducted in accordance with the principles of the
Declaration of Helsinki and complied with all relevant institutional and national regulations.
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