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Abstract
Deep neural networks (DNNs) frequently fail to generalize to out-of-distribution (OOD) medical images because of
variations in scanners and acquisition protocols. Retraining DNN models to address these distribution shifts is often
impractical due to the high cost of acquiring and annotating new medical datasets. To address this, we introduce
VarDeepPCA, a novel lightweight variational DNN framework designed to restore/refine degraded segmentation maps by
leveraging intrinsic geometric priors. Unlike existing approaches that require target-domain data or extensive pre-training,
our VarDeepPCA explicitly learns a distribution of valid anatomical geometries using only small in-distribution (ID)
datasets. Theoretically, our novel variational learning framework leverages a reinterpretation of the softmax mapping to
implicitly perform exact distribution modeling, thereby enabling computationally efficient, sampling-free learning and
inference. This also enables VarDeepPCA to provide uncertainty estimates associated with its restored segmentation
maps. We empirically validate our framework across 4 distinct clinical applications, using 14 publicly available datasets,
involving segmentation of the myocardium, neuroretinal rim, prostate, and fetal head. Comparisons against 15 existing
methods demonstrate that VarDeepPCA consistently restores segmentation maps produced by the existing methods on
OOD data to (i) significantly improve anatomical plausibility of geometries and clinical utility of the segmentations, and
(ii) significantly reduce errors, without needing any more training data than that used by existing methods.
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1. Introduction

D eep neural networks (DNNs) exhibit significant
performance degradation when applied to out-of-
distribution (OOD) data (Farquhar and Gal, 2022;

Tran et al., 2020). Our study addresses OOD data as it
appears in real-world clinical scenarios. We define OOD
images to be of the same anatomical object present in
our training/in-distribution (ID) images but acquired from
hospitals or scanners different from those associated with
the training images. In this cross-site setting, the inevitable
variations in imaging protocols, devices, and reconstruction
schemes give rise to distribution shifts (Liang et al., 2025;
Karani et al., 2021; Pal and Awate, 2024b), as seen in
Figure 1, posing a critical barrier to the clinical deployment

of DNNs. OOD data are assumed (Farquhar and Gal,
2022; Tran et al., 2020; Liang et al., 2025; Karani et al.,
2021; Pal and Mj, 2023) to be unavailable during DNN
training; retraining is often impractical due to the high cost
of acquiring and annotating new data.

We consider segmentation tasks with a single object of
interest per image, i.e., segmenting foreground versus back-
ground; our framework may also be extended to multi-class
segmentation problems involving multiple kinds of objects
of interest in an image. We propose a method to correct
the degraded outputs of existing DNNs on OOD data by
leveraging priors on the inherent geometry of the object of
interest, which remains largely invariant to the aforemen-
tioned OOD variations. Let a segmentation map be an
image where each pixel value lies within [0, 1], representing
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(a) Cardiac MRI (b) Retinal Images (c) Prostate MRI (d) Fetal Ultrasound

Figure 1: UMAP (Healy and McInnes, 2024) projections of InceptionV3 features of (pooled) ID and OOD image
sets across four medical applications, demonstrating shifts between distributions of ID and OOD images. Within each
application, the details of the specific ID and OOD image sets appear later in Section 4.1. Each point represents a
single acquired medical image, projected from a 2048-dimensional feature space to 2 dimensions via UMAP.

the probability of that pixel belonging to the object of inter-
est. Our novel DNN framework learns the principal modes
of variation from ID segmentation maps to explicitly model
a distribution on the manifold of valid anatomical object
geometries. This learned low-dimensional distribution then
serves as a powerful geometrical prior to rectify erroneous
segmentations produced by existing DNNs on OOD images.

We apply our method to four diverse medical appli-
cations spanning multiple imaging modalities and having
significant diagnostic relevance, i.e., segmenting (i) the my-
ocardium from cardiac magnetic resonance images (MRIs),
(ii) the neuroretinal rim from retinal scans, (iii) the prostate
from T2-weighted MRI, and (iv) the fetal head from ultra-
sound images; for which accurate segmentation are clinically
vital. For instance, myocardial segmentation in short-axis
cardiac MRI (Epstein, 2007; Petitjean and Dacher, 2011;
Shaaf et al., 2022; Wang et al., 2015) is essential for estimat-
ing contractility and tissue strain, which aids in diagnosing
infarction, ischemia, and ventricular dyssynchrony (Peng
et al., 2016). In ophthalmology, optic disc and cup segmen-
tation from retinal scans, i.e., the neuroretinal rim, enables
the calculation of the cup-to-disc ratio (Fuchs and Duane,
1908; Lu, 2011), a key biomarker for monitoring glaucoma
(Almazroa et al., 2015). Similarly, prostate segmentation in
T2-weighted MRI is pivotal for the diagnosis, staging, and
treatment planning of prostate cancer (Claus et al., 2004).
Finally, fetal head segmentation in ultrasound images facili-
tates the measurement of geometric parameters to assess
fetal growth and detect developmental anomalies (Zeng
et al., 2022). Since each of these applications demands
high-quality segmentation for patient care (Zeng et al.,
2022; Almazroa et al., 2015; Peng et al., 2016), our work
focuses on improving the quality of (OOD) segmentations
to aid the subsequent clinical analysis.

We differentiate our method from a majority of ex-
isting segmentation-refinement methods that require the
distribution-shifted data (which they call “OOD” data)
during their training. Hence, such existing methods are

inapplicable in our OOD setting where distribution-shifted
data are unavailable during DNN training. Accordingly, we
compare our method to only those existing approaches that
train exclusively on ID data.

Conventional DNNs often require extensive training on
large annotated datasets. Unlike natural images, which
are abundant, and relatively easily acquired and annotated,
medical images are typically scarce because they require
expensive hardware for acquisition and specialized domain
knowledge for accurate annotation. Hence, to mitigate this
dependency on large training datasets, our DNN framework
relies on a lightweight architecture. Our DNN trains on a
small but representative dataset of only 100-200 pairs of
medical images and their corresponding segmentation maps,
using data-augmentation methods common in medical im-
age analysis. This highlights our model’s capability to learn
from tiny training sets, an advantage in clinical settings.

This paper introduces VarDeepPCA, a novel lightweight
variational DNN framework designed to restore/refine de-
graded segmentation maps by leveraging intrinsic geometric
priors on the anatomical object of interest. Unlike existing
approaches that require target-domain data or extensive
pre-training, our VarDeepPCA explicitly learns a distribu-
tion of valid anatomical geometries using only small ID
datasets. Our DNN framework learns the principal modes
of variation in a class of segmentation maps, and models
each segmentation map using a low-dimensional mixture-
of-modes latent representation on a simplex. Theoretically,
our novel variational learning framework leverages a rein-
terpretation of the softmax mapping to implicitly perform
exact distribution modeling, thereby enabling computation-
ally efficient, sampling-free learning and inference. This
also enables VarDeepPCA to provide uncertainty estimates
associated with its restored segmentation maps. We em-
pirically validate our framework across 4 distinct clinical
applications, using 14 publicly available datasets, involving
segmentation of the myocardium, neuroretinal rim, prostate,
and fetal head. Comparisons against 15 existing methods
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demonstrate that VarDeepPCA consistently restores seg-
mentation maps produced by the existing methods on OOD
data to (i) significantly improve anatomical plausibility of
geometries and clinical utility of the segmentations, and
(ii) significantly reduce errors, without needing any more
training data than that used by existing methods.

The rest of the paper is organized as follows. Sec-
tion 2 provides a comprehensive literature review in the
segmentation domain, covering the evolution of DNN archi-
tectures and loss functions, variational learning, uncertainty
estimation, use of anatomical shape priors, and use of test-
time-adaptive methods for generating robust segmentations.
Section 3 describes our proposed method, the mathemat-
ical notations, the PCA-based latent representation, the
variational interpretation of the softmax mapping, sampling-
free variational learning, and demonstrates the use of our
VarDeepPCA framework to improve existing segmenters on
OOD images. Section 4 talks about the datasets, evaluation
metrics, clinical utility of segmentation maps, baseline meth-
ods, implementation details, and the extensive results and
discussions of both segmentation and uncertainty estima-
tion on the four medical applications. Section 5 concludes
the work by discussing the merits, some of the constraints
in our framework, and future directions.

2. Related Works in Image Segmentation

DNNs have become the state of the art for many applica-
tions medical image segmentation. However, several chal-
lenges remain, particularly in achieving robustness to OOD
data, ensuring anatomical plausibility, maintaining compu-
tational efficiency and providing uncertainty estimates, all
while training on a small sample set. This section reviews
existing methods in the aforementioned contexts.

2.1 Evolution of DNN Architectures and Loss Functions

Early DNN Methods for Image Segmentation. U-Net
(Ronneberger et al., 2015) (here referred to as UNet) em-
ploys skip connections from the encoder to fuse context
from the decoder with precise localization of anatomical
objects. Attention U-Net (AttnUNet) (Oktay et al., 2018),
a variant of UNet uses gating modules to focus on relevant
regions during training, ResUNet (Zhang et al., 2018) uses
residual units (He et al., 2016), which is then used as a
backbone in ResUNet++ (Jha et al., 2019). DeepLabV3+
improves upon DeepLab (Chen et al., 2018b) architecture,
enabling computationally efficient training. ResUNet++
uses squeeze-and-excitation (Hu et al., 2018) modules along
with atrous spacial pyramid pooling (ASPP) modules in-
troduced in DeepLabV3+ (Chen et al., 2018a) to create
a parameter efficient segmentation architecture. However,
such early DNNs typically lead to poor performance on OOD

data because of their relatively lightweight architectures,
straightforward loss functions, and the absence of prior mod-
elling and pre-training (Yan et al., 2019; Torpmann-Hagen
et al., 2022; Hendrycks et al., 2019; Pal et al., 2024).

Hybrid Loss Functions for Boundary Enhancement.
Many DNN methods discussed earlier rely on a single loss
term, e.g., binary cross-entropy (BCE) or soft-Dice (Gal-
dran et al., 2022). Some later DNNs combine multiple loss
terms (Qin et al., 2019; Sun et al., 2023; Kervadec et al.,
2021) to focus on boundary regions. Some methods focus
on the difference between the predicted boundary and the
ground-truth segmentation, thereby, focusing on the loss
around the segment boundary by employing difference-over-
union (DoU) loss (Sun et al., 2023). Other methods use
a boundary loss term by representing a non-symmetric L2
distance on the space of boundaries/contours as a regional
integral. BASNet (Qin et al., 2019) uses a hybrid loss of
BCE, structural-similarity (SSIM) (Wang et al., 2004; Zhao
et al., 2017), and intersection over union (IoU) (Jadon,
2020). However, these DNNs are computationally heav-
ier and often require pre-training on ImageNet-1K (Deng
et al., 2009) dataset. Furthermore, these methods lack the
knowledge of high-level segment characteristics related to
the segmented object’s geometry or topology (Jurdi et al.,
2021; Gaikwad et al., 2023; Varma et al., 2023; Pal and
Awate, 2024a; Gaikwad and Awate, 2024).

Generative Adversarial DNNs for Image Segmen-
tation. Some methods use generative adversarial networks
(GANs) (Goodfellow et al., 2014) towards medical image
segmentation (Xun et al., 2022), primarily as a genera-
tive model for data augmentation (Andreini et al., 2020).
SegAN (Xue et al., 2018) aims to improve segmentations
by employing a critic to amplify the differences between
the predicted/generated segmentations and the associated
ground-truth segmentations. SegAN uses multi-scale L1
losses to capture both long-range and short-range spatial
dependencies. SegAN aims to solve a min-max optimization
problem, involving significant optimization challenges that
are well known (Saxena and Cao, 2021).

Diffusion Models for Image Segmentation. Some
recent approaches leverage diffusion processes for medical
segmentation (Kazerouni et al., 2023). MedSegDiff (Wu
et al., 2023) trains using denoising diffusion probabilistic
models (DDPMs) (Ho et al., 2020) with dynamic condi-
tional encoding to mitigate noise. MedSegDiffV2 (Wu et al.,
2024) extends MedSegDiff to segment multi-class objects
via a transformer-based spectrum-space-former architecture.
CIMD (Rahman et al., 2023) improves distribution mod-
eling by using multiple expert annotations. DTAN (Zhao
et al., 2024) incorporates text attention on diffusion for
segmentation. However diffusion models for medical image
segmentation demand substantial data and computational
resources for optimization, while being more sensitive to
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hyperparameters (Wu et al., 2023; Ho et al., 2020). This
makes OOD segmentation challenging for diffusion models
(Zhang et al., 2025; Xie et al., 2025).

Transformers for Image Segmentation. Transform-
ers, leveraging self-attention (Vaswani et al., 2017) mecha-
nisms, have been applied to image segmentation (Thisanke
et al., 2023; Li et al., 2024). Segmenter (Strudel et al.,
2021) employs vision transformers (ViT) (Dosovitskiy et al.,
2021) and processes image patches. SegViT (Zhang et al.,
2022) generates semantic segmentation masks through
attention-to-mask modules. SegViT trains to translate
learnable class tokens and spatial feature maps into segmen-
tation maps. Some transformer architectures for medical
image segmentation domain follow a U-shaped (Xiao et al.,
2023) structure. DSTransUNet (Lin et al., 2021) improves
upon TransUNet (Chen et al., 2024)1 by employing hierar-
chical swin transformers to capture non-local and multiscale
dependencies. It uses dual-scale encoders to extract coarse
and fine-grained features across different semantic classes.
These models are inherently bulky, and need pre-training
on large datasets like ImageNet (Deng et al., 2009; Zheng
et al., 2021; Pinto et al., 2021).

Foundational Models using Vision Transformers.
Segment Anything Model (SAM) (Kirillov et al., 2023)
leverages foundational models, modeling segmentation as a
promptable task, enabling zero-shot transfer across a wide
range of applications. While SAM demonstrates strong
overall performance, it often misses fine structures, occa-
sionally hallucinates small disconnected components, and
may fail to produce crisp boundaries (Kirillov et al., 2023;
Schiappa et al., 2024; Zhang et al., 2024). SAM often
needs a lot of human interaction, through text prompts and
image annotations, during inference. Furthermore, SAM
was trained on a massive dataset of over one billion image-
mask pairs, making training such models computationally
expensive. MedSAM (Huang et al., 2024) extends SAM to
medical images, but continues to share SAM’s limitations.

State-Space Models for Image Segmentation. State-
space models (SSMs) (Kalman, 1960), inspired by lin-
ear state-space equations in control theory, have recently
emerged as an efficient alternative to transformers for model-
ing long-range dependencies, scaling linearly with sequence
length. This includes pure SSM-based methods such as the
Vision Mamba UNet (VM-UNet) (Ruan et al., 2024), which
performs better than hybrid SSM-CNN models such as U-
Mamba (Ma et al., 2024), SwinU-Mamba (Liu et al., 2024),
and SegMamba (Xing et al., 2024). However, VM-UNet
often struggles with low-contrast regions, is sensitive to
image artifacts, and degrades its segmentation performance
with higher image resolution.

1. The original article appeared on arXiv in 2021 (https://arxiv.
org/abs/2102.04306)

2.2 Variational Learning and Uncertainty Estimation

Variational learning in DNNs models distributions in latent
space during learning, e.g., the variational autoencoder
(VAE) (Kingma and Welling, 2014), vector-quantized VAE
(VQ-VAE) (van den Oord and Vinyals, 2017), and VQ-VAE2
(Razavi et al., 2019). Conditional VAEs (cVAEs) (Sohn
et al., 2015) leverage latent variables to model conditional
distributions on the output. Typical variational-learning
methods introduce significant computational overhead, re-
quiring expensive Monte-Carlo sampling (Mohamed et al.,
2020) during both training and inference. Probabilistic
UNet (ProbUNet) (Kohl et al., 2018) learns a distribu-
tion over segmentation maps for a given input image by
combining UNet with cVAEs. Hierarchical ProbUNet (Hier-
ProbUNet) (Kohl et al., 2019) and PHiRec (Fischer et al.,
2023) employ a cVAE with a hierarchical latent space. Prob-
abilistic Hierarchical Segmentation (PHISeg) (Baumgartner
et al., 2019) uses a VAE framework to model the condi-
tional distribution of segmentation maps, for a given input
image, when learning from multiple annotators at different
spatial resolutions. However, many variational methods fail
to provide robustness to OOD data (Gao et al., 2023b; Pal,
2021), because such models are not explicitly designed for
domain shifts (Mehrtash et al., 2020; Gaikwad and Awate,
2021; Lennartz and Schultz, 2023).

Uncertainty-aware methods aim to output per-voxel
uncertainty, often modeled as the standard deviation of a
distribution on output segmentations, e.g., (Adiga et al.,
2024). Some such approaches use Bayesian modeling and
inference (Awate et al., 2019; Jena and Awate, 2019). Some
methods quantify uncertainty estimates using normalized
cross correlation (NCC) between the error maps and the
uncertainty maps (Fischer et al., 2023). Another quantita-
tive measure is the unified score (US; the higher the better)
(Mehta et al., 2022) that combines area-under-curve (AUC)
values of segmentation-performance measures (e.g., filtered
true positive, filtered true negative, Dice similarity) with
respect to segmentation-map thresholds. Some metrics
focus on uncertainty calibration, e.g., adaptive calibration
error (ACE) and thresholded ACE (TACE) (Nixon et al.,
2019), extending expected calibration error (ECE) (Guo
et al., 2017) using adaptive binning for robustness.

2.3 Anatomical Shape Priors

Some DNNs incorporate anatomical information by design-
ing loss terms (Oktay et al., 2017; Jacob et al., 2024)
that entail training on cross-domain data. However, in our
(OOD) setting, data from the newer domain is unavailable
during training. Some models require anatomical landmarks
during inference (Gao et al., 2023a; Jacob et al., 2023),
which must be provided either by an expert (who is un-
available our setting) or by a separate DNN (which itself
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would require training on the OOD data that is unavail-
able in our setting). Post-DAE (Larrazabal et al., 2020)
enforces anatomical plausibility by projecting the predicted
segmentation maps (degraded) generated on ID test data
onto a manifold of valid shapes. Some existing methods
leveraging anatomical priors, while not requiring OOD data,
suffer from significant computational and memory limita-
tions, e.g., a recent VAE-based approach (Painchaud et al.,
2020) learns valid cardiac shapes but requires empirically
sampling millions of shapes by filtering them with a domain-
specific correctness test, and storing (millions of) the valid
ones. At inference it must perform an expensive search
to find the nearest stored shape. Similarly, pointset-based
shape priors (Shigwan et al., 2020) are often limited by
Gaussian assumptions and expensive brute-force searches.
Our framework avoids such limitations; it does not require
any OOD data or annotations during training; by utilizing
sampling-free variational learning, it avoids the need for
simulation, storage, or any expensive inference-time search.
Instead, it efficiently optimizes for the closest plausible
segmentation using its DNN decoder via gradient descent
on the space of valid segmentation-map geometries. Our
model also provides uncertainty estimates, unlike existing
methods using shape-priors for image segmentation.

2.4 Unsupervised Domain Adaptation

Existing DNN segmenters often fail in OOD domain be-
cause their models over-sensitive to the texture and spurious
correlations within acquired medical images for generating
the final predictions (Karani et al., 2021). To mitigate
such effects, global intensity non-linear augmentation (GIN)
and interventional pseudo-correlation augmentation (IPA)
methods modify image appearance to break non-causal back-
ground links (Ouyang et al., 2022). Unsupervised domain
adaptation (UDA) methods typically rely on aligning source
data to the target data, without access to target-data labels.
Source-free UDA (SFUDA) (Fang et al., 2024) methods,
which are trained to adapt to unlabelled targets by using
pre-trained models, are categorized into parameter-based
white-box methods and output-based black-box methods.
Methods such as DeY-Net learn features to encode the
anatomy of medical objects for single domain generaliza-
tion (SDG). Test-time adaptation (TTA) methods (Liang
et al., 2025) adapts to target data using pre-trained models
without access to source data and target-data labels, e.g.,
denoising TTA (DeTTA) (Wen et al., 2024). Adaptive
Mutual Information (AdaMI) (Bateson et al., 2022) adapts
to test data by fine-tuning models using label-free loss
terms and anatomical class-ratio priors. Recently, SegCNN
(Karani et al., 2021) adapts to OOD images using image-to-
image normalization and DAEs. However, its performance
degrades if the simulated noise during DAE training has a

mismatch with the actual degradations in OOD images, or
if the distribution shift renders the image-to-image normal-
ization module ineffective (Karani et al., 2021).

2.5 Extensions Over Our Preliminary Work

This paper is a significant extension of our preliminary work
in (Pal et al., 2025), advancing both its theoretical formu-
lation and empirical analysis. The novel contributions of
this extended work are as follows: (i) we propose a new
mathematical formulation for the learning objective that
explicitly models the output distribution’s variance, unlike
the formulation in (Pal et al., 2025) which disregarded this
per-pixel uncertainty; (ii) we validate our method on more
clinical applications: prostate segmentation in T2-weighted
MRI and fetal head segmentation in ultrasound, incorporat-
ing a total of eight more datasets into our empirical analysis;
(iii) we provide a new empirical sensitivity analysis for key
hyperparameters, i.e., the size of the latent dimension K
and the size of the training set S as discussed in Section 4.7,
and show that our VarDeepPCA method performs robustly
in all of the settings; (iv) we add seven new additional base-
lines for comparison, including the VMUNet (state-space
model), the MedSAM foundational model specifically tuned
for medical image segmentation and three new probabilistic
baselines, i.e., Probabilistic UNet, Hierarchical Probabilis-
tic UNet, and PHISeg, which produce both segmentation
maps and their uncertainty estimates, along with the test-
time-adaptation-based SegCNN method (with and without
atlas), which is specifically designed to handle OOD data
during test-time; (v) we add a comparative study for quan-
titative evaluation of the clinical utility of the uncertainty
estimates produced by existing methods and our VarDeep-
PCA framework, using NCC, US, and TACE; (vi) we provide
a more comprehensive discussion of the related works and
methodology, and a more detailed presentation of the results
including extensive qualitative and quantitative examples.

3. Methods

Our work is centered on a novel variational encoder-decoder
DNN framework, namely VarDeepPCA, designed to learn
a robust statistical model of geometry variability from ID
segmentation maps. This learned model is then leveraged
as a powerful prior to correct poor segmentations produced
by existing DNNs on OOD data. The VarDeepPCA frame-
work comprises: (i) a decoder that models the non-linear
principal modes of anatomical geometry variation and their
mixtures; (ii) a low-dimensional latent distribution that
models these mixture proportions for a given segmentation
map; (iii) an encoder that maps an input segmentation
map to its corresponding latent distribution; and (iv) a
sampling-free scheme for variational learning and inference.
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Figure 2: (a) Existing DNNs segment objects poorly on OOD images. (b) Principal (log) eigenvalues of covariance
matrices of encodings in Inception DNN (Szegedy et al., 2016; Heusel et al., 2017) (in ID sets, as well as ID-union-OOD
sets) show the variability across segmentation maps to be far lower (at least by an order of magnitude) than that
across medical images (image intensities mapped to the range [0, 1]). (c) Sampling-Free Variational Deep Learning
of Principal Modes of Variation (VarDeepPCA) in Segmentation Maps. Our VarDeepPCA models and learns
principal modes of variation of (ID) segmentation maps. It models each segmentation map using a low-dimensional
mixture-of-modes latent distribution on a simplex (Section 3.2) through a softmax mapping (Section 3.3). Our Bayesian
interpretation of the softmax endows a variational model with (i) closed-form marginalization enabling sampling-free
variational learning (Section 3.4) and (ii) per-pixel uncertainty estimates on test images (Section 3.4). (d) VarDeepPCA
Restores/Refines OOD-Image Segmentation Maps by first “filtering” the degraded segmentation map, and then
“projecting” the filtered segmentation map onto VarDeepPCA’s learned principal modes of variation (Section 3.5).

After learning this statistical geometry model, we employ a
fully automatic correction process to improve the degraded
segmentations produced by existing DNNs on OOD images.

3.1 Model Components and Mathematical Notation

Let X denote an acquired medical image containing an
object of interest, and let Y be the associated expert-
annotated (binary/fuzzy) segmentation map. We differen-
tiate this from W , which represents the (unknown) true
anatomical segmentation. For a single given X, our frame-
work is designed to handle cases with a single Y or multiple
expert segmentations {Yi}, each of which may differ from
W . We consider an existing DNN segmenter Φ(·), e.g.,

UNet, which is pre-trained on an ID dataset of (X, Y ) pairs,
with standard data-augmentation techniques. Our primary
challenge arises when this segmenter is applied to an OOD
image X̃. By definition, X̃ is drawn from a different dis-
tribution than the data used to train Φ(·) stemming from
domain shifts (Figure 1) because of the variation in imaging
protocols across different hospitals and in imaging devices
(e.g., different make/models, slight variations in calibration
for identical instruments) (Liang et al., 2025). The domain
shift may manifest as differences in the texture/appearance
statistics (Karani et al., 2021). This distribution shift often
causes the segmenter to produce a poor or anatomically
implausible segmentation, Z̃ := Φ(X̃), as illustrated in
Figure 2(a). Our goal is to correct Z̃ without access to any
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OOD images X̃ or their expert segmentations Ỹ during the
training of our VarDeepPCA model. In contrast, VarDeep-
PCA relies solely on the segmentation maps that were used
to train Φ(·), by constructing and employing priors on the
anatomical-object geometry that remains largely invariant to
these OOD variations, as illustrated in Figure 2(b). Indeed,
the OOD description applies much more to the acquired
medical images, resulting from variations in imaging pro-
tocols, devices, and reconstruction schemes across clinical
sites, rather than variations in human anatomical geometry
across the population. Figure 2(b) quantifies this variability
in acquired medical images as well as the segmentation
maps through the eigenvalues of the covariance matrix of
latent Inception-DNN encodings.

3.2 DNN-based PCA Model on Segmentation Maps Using
a Latent Representation on a Simplex

The VarDeepPCA framework employs a generic encoder-
decoder DNN architecture to learn a statistical model of
variability in segmentation maps for a class of objects (Fig-
ure 2(c)). We hypothesize that this variability can be
captured by K principal (non-linear) modes of variation.
In a latent space, we represent these discrete modes by a
K-length one-hot random vector C, where C = 1k indi-
cates the k-th mode, with a value of 1 at index k. The
spatial-domain representation of these modes of variation is
enabled by the mapping underlying our decoder. A typical
segmentation map Y (in spatial domain) is not associated
with a single mode (in latent space) but rather a mixture
of these K principal modes. Therefore, we design VarDeep-
PCA to encode each Y into a latent distribution P (C|Y ).
This distribution is represented by a K-dimensional vector
of probabilities, [P (C = 11|Y ), . . . , P (C = 1K |Y )], which
defines the association of Y with each of the K modes. As
this vector’s elements are non-negative and sum to 1, it is
constrained to lie on a (K − 1)-dimensional simplex in RK .
To obtain this simplex representation, VarDeepPCA’s en-
coder E(·; θE) first maps an input segmentation map Y to a
K-dimensional segmentation-feature vector F := E(Y ; θE).
We then apply the softmax function to F to produce the
probability vector representing P (C|Y ). This use of the
softmax is a critical design choice because it implicitly per-
forms the necessary variational/distribution modeling (as de-
scribed in Section 3.3) and, crucially enables sampling-free
variational learning (as described in Section 3.4). Finally,
VarDeepPCA’s decoder D(·; θD) maps the latent simplex
representation P (C|Y ) back to a distribution P (W |Y ) on
the segmentation maps.

3.3 Reinterpreting Softmax Mapping in a Variational Setup

VarDeepPCA reinterprets the softmax function underlying
the mapping P (C|Y ) ≡ Softmax(F ) using Bayesian prin-

ciples to illuminate the implicit variational modeling and
distribution on the simplex in RK (Figure 2(c)). We model
P (C|F ) as the posterior-predictive distribution on C aris-
ing from (i) a Categorical-distribution likelihood P (C|·)
on the modes of variation indicated by C, coupled with
(ii) a Dirichlet-distribution (conjugate) prior P (·|F ). Let
the random vector A have elements Ak := exp(Fk) > 0 for
all 1 ≤ k ≤ K, such that A parameterizes a Dirichlet distri-
bution Dir(B; A) of a hidden random vector B residing on
the (K − 1)-dimensional simplex. Since the mapping from
Y → F → A is deterministic, the following equivalence
between posterior-predictive distributions holds: P (C|Y =
y) ≡ P (C|F = E(y; θE)) ≡ P (C|A = exp(E(y; θE))).
Consider a categorical distribution Cat(C; B) on one-hot
vectors C, which is parameterized by the hidden random vec-
tor B that is sampled from its conjugate (prior) distribution
Dir(B; A). The posterior-predictive distribution

P (C|A) =
∫

b
P (C|b)P (b|A)db (1)

which equals ∫
b

Cat(C; b)Dir(b; A)db (2)

which equals∫
b

( ∏
k

(bk)Ck

)( 1
η(A)

∏
k

(bk)Ak−1
)

db, (3)

where the normalizing constant for the Dirichlet distribution
is η(A) :=

∏
k Γ(Ak)/Γ(

∑
k Ak), and Γ(·) denotes the

Gamma function. This yields

P (C|A) = 1
η(A)

∫
b

∏
k

(bk)Ck+Ak−1db = η(A + C)
η(A) (4)

=
∏

k Γ(Ak + Ck)/Γ (
∑

k(Ak + Ck))∏
k Γ(Ak)/Γ(

∑
k Ak) . (5)

Now, consider a specific instance C = 1k (i.e., the k-th
mode). Because C is a one-hot vector,

∑
k Ck = 1. Using

the property Γ(g + 1) = gΓ(g), for gamma functions, we
simplify the posterior-predictive distribution as

P (C = 1k|A)

=
Γ(Ak + 1)

∏
j ̸=k Γ(Aj)/Γ(

∑
j Aj + 1)∏

j Γ(Aj)/Γ(
∑

j Aj) (6)

=
AkΓ(Ak)

∏
j ̸=k Γ(Aj)∏

j Γ(Aj) ·
Γ(

∑
j Aj)

(
∑

j Aj)Γ(
∑

j Aj) (7)

= Ak∑K
j=1 Aj

= exp(Fk)∑K
j=1 exp(Fj)

, (8)

which is the k-th element of the Softmax(F ) vector. Thus,
while the softmax mapping from F to the latent distri-
bution P (C|Y ) is deterministic, it implicitly (i) subsumes
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variational modeling by defining the (prior) distribution
P (B| exp(F )) ≡ P (B|A) and the (likelihood) distribution
P (C|B), and then (ii) marginalizes out the random variable
B via Bayesian inference to produce the analytically exact
posterior-predictive distribution P (C|F ) in closed form.

3.4 Sampling-Free Variational Learning

Let the training set of N segmentation maps be {Yn}Nn=1.
For an input segmentation map Y , VarDeepPCA’s in-
ternal low-dimensional representations (F and P (C|F ))
are designed to model Y using only the top K modes
of variation, thereby filtering out the remaining variation
that arises from sources such as segmentation errors and
discretization artifacts in Y . This is because the low-
dimensional (K-dimensional) latent space in our autoen-
coder acts as a (well-studied) bottleneck with limited capac-
ity (Laakom et al., 2024), which forces our autoencoder to
model/represent mainly those dominant shapes/structures
of the segmentation maps that were present in its train-
ing set of high-quality segmentation maps (Cho, 2013;
Creswell and Bharath, 2018). For a given input Y , the
variational model underlying VarDeepPCA produces a la-
tent distribution P (C|Y ) by implicitly modeling the cate-
gorical distribution P (C|B) and the Dirichlet distribution
P (B|Y = y) ≡ P (B|A = exp(E(y; θE)). This enables
VarDeepPCA to sample c ∼ P (C|Y ) through the following
procedure: (i) map input Y to F ← E(Y ; θE), (ii) map F
to A← exp(F ), (iii) sample b ∼ Dir(B; A), and (iv) sam-
ple c ∼ Cat(C; b). The decoder then outputs a distribution
over segmentation maps by mapping the latent distribu-
tion P (C|Y ) through the decoder D(·). Specifically, the
decoder maps each c ∼ P (C|Y ) to a segmentation map,
where we ensure that each per-pixel output lies within the
range [0, 1] by incorporating a sigmoid layer as the final
output layer of the decoder. For the (posterior-predictive)
categorical distribution P (C|Y ), the mean and variance are
available analytically in closed form:

Cmean := EP (C|Y ;θE )[C] (9)
= [P (C = 11|Y ), . . . , P (C = 1K |Y )] (10)
= Softmax(E(Y ; θE)) (11)

(as per Section 3.3), and the k-th element of the variance
is given by

Cvar
k := Cmean

k (1− Cmean
k ). (12)

We model the decoder-output distribution by propagating
the mean and variance of P (C|Y ) through the decoder,
and approximating the output as a Gaussian distribution
N (·) characterized by a mean segmentation map M :=
D(Cmean; θD) and a variance map V , which we describe

next. Let Di(·) denote the decoder mapping to the i-th
pixel. For pixel i in V , we model the variance Vi using
(i) the variances Cvar

k and (ii) the Jacobian of the decoder
mapping D(L; θD) (where L is a dummy variable) evaluated
at Cmean. Thus,

M := D(Cmean; θD), and (13)

Vi :=
K∑

k=1
Cvar

k

(
∂Di(L)

∂Lk

∣∣∣∣
L:=Cmean=Softmax(E(Y ;θE ))

)2
.

(14)

Our choice of modeling the output distribution as Gaussian
stems from the Gaussian being the maximum-entropy (most
general, in a sense) (Cover, 1999) distribution across all
distributions constrained by a fixed mean M and a fixed
variance V . From an alternative perspective, VarDeep-
PCA’s output can be interpreted as (i) the representative
segmentation M together with (ii) an underlying per-pixel
uncertainty U (Figure 2(c)) given by the per-pixel square
root of the values in V .

We formulate the variational learning objective to max-
imize, over parameters θ, the likelihood of the observed
reference segmentation Y under the Gaussian distribution
N (·; M, V ) output by the decoder. VarDeepPCA’s varia-
tional learning formulation is therefore

arg max
θ

N∏
n=1
N (Yn; M(Yn; θ), V (Yn; θ)) ≡ (15)

arg min
θ

N∑
n=1

I∑
i=1

(Yni −Mi(Yn; θ))2

Vi(Yn; θ) + ϵ
+ log(Vi(Yn; θ) + ϵ),

(16)

where Mi(·) and Vi(·) denote, respectively, the values at
the i-th pixel in the mean segmentation map M and the
variance map V ; ϵ > 0 is a small regularization parameter
for numerical stability. Thus, our VarDeepPCA learning
formulation, despite explicitly modeling (i) a latent distri-
bution P (C|Y ) and (ii) distributions P (C|B) and P (B|Y )
implicitly within the softmax parameterization, eliminates
the need for Monte Carlo sampling and the associated repa-
rameterization that becomes necessary in typical variational
deep networks (e.g., VAEs) due to the intractability of their
underlying integrals.

3.5 VarDeepPCA to Improve Existing Segmenters on OOD
Images

We propose a novel two-stage algorithm (Figure 2(d)) to
leverage the learned VarDeepPCA model for restoring the
poor segmentation maps Z̃ produced by existing DNNs Φ(·)
on OOD images X̃. In the first stage, we pass Z̃ through
the encoder-decoder of VarDeepPCA to “filter” out the
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non-principal components of variability from Z̃, producing
the “filtered” segmentation map

Z := D(Softmax(E(Z̃; θE)); θD). (17)

In the second stage, we explicitly “project” Z onto the
learned space of principal modes of variation by (i) fixing Z
as the output reference, (ii) optimizing the segmentation-
feature vector in RK as

F ∗ := arg max
F
N (Z; M(F ; θD), V (F ; θD)) (18)

using gradient ascent, and (iii) obtaining the restored seg-
mentation

M∗ := D(Softmax(F ∗); θD) (19)

with the associated per-pixel uncertainties given by U∗
i :=√

V ∗
i (Section 3.4).
In summary, VarDeepPCA introduces a principled varia-

tional framework that learns non-linear geometrical priors
from ID data through a novel simplex-based latent rep-
resentation, enabling sampling-free inference via softmax
mappings that implicitly perform exact Bayesian marginal-
ization. The framework’s decoder outputs both a mean
segmentation and per-pixel uncertainty estimates, providing
interpretable measures of model confidence. We deploy this
learned prior for the fully automatic correction of moderately
degraded OOD segmentations by leveraging gradient-based
projection onto the learned manifold of anatomically plausi-
ble geometries. The full procedure is detailed in Algorithm
1. We now proceed to empirically validate this framework
on multiple clinical applications.

4. Results and Discussions

4.1 Datasets

We evaluate our framework across four distinct medical
imaging applications: (i) segmenting the myocardium in
MRI, (ii) segmenting the neuroretinal rim in retinal fundus
images, (iii) segmenting the prostate in MRI, and (iv) seg-
menting the fetal head in ultrasound. These applications
span diverse anatomical geometries, including genus-0 and
genus-1 topologies. For each application, we train all mod-
els on a single dataset (ID training set) and test on one or
more separate datasets (i.e., ID test set and OOD dataset).
This cross-dataset evaluation scheme mimics a typical clini-
cal scenario, testing robustness across domain shifts (Liang
et al., 2025; Karani et al., 2021) caused by variations in
imaging equipment, acquisition protocols, pathologies, etc.
We pre-process images by cropping/padding and resampling
image size to 256×256 pixels, applying data augmentation,
and rescaling the intensities to the range [0, 1]. An overview
of the datasets appears in Table 1.

Algorithm 1 VarDeepPCA: Restoring OOD Segmentation
Maps with Uncertainty Estimation.Algorithm 1 varDeepPCA: OOD Mask Correction with Uncertainty Estima-
tion
Inputs:

• Degraded segmentation map Z̃ := Φ(X̃) from OOD image X̃
• Trained VarDeepPCA model with encoder E(·; θE), decoder D(·; θD)
• Projected gradient descent parameters: iterations T , learning rate η
• Small numerical constant ϵ > 0

1: procedure RestorePoorSegmentation(Z̃, E ,D, T, η, ϵ)
2: Stage 1: Filtering
3: Extract features from degraded segmentation map: F ← E(Z̃; θE)

4: Compute posterior-predictive distribution: P (C|Z̃)← softmax(F )

5: Filter degraded segmentation map to give Z ← D(P (C|Z̃); θD)
6: Stage 2: Projection
7: Initialize: F (0) ← F ▷ Start from extracted features
8: for t = 1 to T do
9: Compute latent-space distribution/mean: L(t) ← softmax(F (t−1))

10: Decode to get mean map (spatial domain): M (t) ← D(L(t); θD)

11: Compute latent-space variances: Cvar
k ← L

(t)
k (1− L

(t)
k ),∀k

12: Compute variance map V (t) (spatial domain) at all pixels i as:

13: V
(t)
i ←

∑K
k=1 C

var
k

(
∂Di(L)
∂Lk

∣∣
L=L(t)

)2

14: Compute Gaussian-based negative-log-likelihood loss:

15: L(t) ←
∑I

i=1(Zi −M
(t)
i )2/(V

(t)
i + ϵ) + log(V

(t)
i + ϵ)

16: Update using gradient descent: F (t) ← F (t−1) − η · ∇FL(t)

17: end for
18: Set optimized features: F ∗ ← F (T )

19: Stage 3: Final Reconstruction and Uncertainty Quantification
20: Compute projected latent-space distribution/mean: L∗ ← softmax(F ∗)
21: Compute restored segmentation map (spatial domain): M∗ ← D(L∗; θD)
22: Compute latent-space variances: Cvar*

k ← L∗
k(1− L∗

k)
23: Compute uncertainty map U∗ (spatial domain) at all pixels i as:

24: V ∗
i ←

∑K
k=1 C

var*
k

(
∂Di(L)
∂Lk

∣∣
L=L∗

)2

and then U∗
i ←

√
V ∗
i

25: return M∗, U∗

26: end procedure

Outputs:

• Restored segmentation map (spatial domain) M∗

• Per-pixel uncertainty map (spatial domain) U∗

Myocardium. We utilize three publicly available short-
axis cardiac MRI datasets. The CAP dataset (Li et al., 2010;
Kadish et al., 2009; Suinesiaputra et al., 2014), with 854
images, serves as the ID data, from which we use 150 images
for training. The remaining data is split into a validation
set (10% of the remainder, 70 images) and the rest (634
images) as an ID test set. For OOD evaluation, we employ
the ACDC dataset (Bernard et al., 2018) (220 images)
and the A-CMRI dataset (Andreopoulos and Tsotsos, 2008)
(1722 images).

Neuroretinal Rim. For the neuroretinal rim segmenta-
tion task, we utilize three publicly available retinal fundus
image datasets. The Magrabi dataset (Almazroa et al.,
2018), with 833 images, serves as the ID data. From this
dataset, we use 150 images for training, 63 for validation,
and 620 for ID testing. For OOD evaluation, we employed
the ORIGA dataset (Zhang et al., 2010) (637 images) and
the G1020 dataset (Bajwa et al., 2020) (788 images).

Prostate. We use six publicly available T2-weighted
MRI datasets from a multi-institutional collection for prostate
segmentation (Liu et al., 2021), with a small number of
images per institution. Within ID and OOD datasets, we
desire to have a sufficient number of images and a compa-
rable number of images. Thus, we design the ID and OOD
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(a1) UNet (ID) (a2) UNet (ID) (a3) UNet (ID) (a4) UNet (OOD) (a5) UNet (OOD)

(b1) PHISeg (ID) (b2) PHISeg (ID) (b3) PHISeg (ID) (b4) PHISeg (OOD) (b5) PHISeg (OOD)

(c1) ProbUNet (ID) (c2) ProbUNet (ID) (c3) ProbUNet (ID) (c4) ProbUNet (OOD) (c5) ProbUNet (OOD)

(d1) VMUNet (ID) (d2) VMUNet (ID) (d3) VMUNet (ID) (d4) VMUNet (OOD) (d5) VMUNet (OOD)

(e1) MedSegDiff (ID) (e2) MedSegDiff (ID) (e3) MedSegDiff (ID) (e4) MedSegDiff (OOD) (e5) MedSegDiff (OOD)

(f1) PHISeg (ID) (f2) PHISeg (ID) (f3) PHISeg (ID) (f4) PHISeg (OOD) (f5) PHISeg (OOD)

(g1) UNet (ID) (g2) UNet (ID) (g3) UNet (OOD) (g4) UNet (OOD) (g5) UNet (OOD)

(h1) BASNet (ID) (h2) BASNet (ID) (h3) BASNet (ID) (h4) BASNet (OOD) (h5) BASNet (OOD)

Figure 3: Qualitative: Establishing Clinical Utility of Segmentation Maps. Segmentation results across diverse
baselines for: (i) myocardium on (a1)-(a5) UNet and (b1)-(b5) PHISeg; (ii) neuroretinal rim on (c1)-(c5) ProbUNet
and (d1)-(d5) VMUNet; (iii) prostate on (e1)-(e5) MedSegDiff and (f1)-(f5) PHISeg; (iv) fetal head on (g1)-(g5)
UNet and (f1)-(f5) BASNet. Ground-truth segmentation appears in green. The numbers show HD95 values.
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Table 1: Datasets. Overview of the datasets used across the four medical imaging applications.
Application ID Dataset ID ID ID OOD Dataset 1 OOD Dataset 2

(Modality) Train Val Test (Test Size) (Test Size)

Myocardium
(MRI)

CAP (Li et al., 2010;
Kadish et al., 2009; Suine-
siaputra et al., 2014)

150 70 634 ACDC (Bernard et al., 2018)
(220 samples)

ACMRI (Andreopoulos and
Tsotsos, 2008) (1722 sam-
ples)

Neuroretinal
Rim (Fundus)

Magrabi (Almazroa et al.,
2018)

150 63 620 ORIGA (Zhang et al., 2010)
(637 samples)

G1020 (Bajwa et al., 2020)
(788 samples)

Prostate
(MRI)

BIDMC+BMC (Litjens
et al., 2014; Bloch et al.,
2015; Barentsz et al.,
2012)

150 18 213 HK+I2CVB (Litjens et al.,
2014; Lemâıtre et al., 2015)
(366 samples)

RUNMC+UCL (Bloch et al.,
2015; Barentsz et al., 2012;
Litjens et al., 2014) (348
samples)

Fetal Head
(Ultrasound)

HC18 (van den Heuvel
et al., 2018)

150 68 666 FetalPlanes (Burgos-Artizzu
et al., 2020) (1250 samples)

–

datasets as follows: (i) the ID dataset combines BIDMC
(Litjens et al., 2014) and BMC (Bloch et al., 2015; Bar-
entsz et al., 2012), together having 381 images, (ii) the
first OOD dataset combines HK (Litjens et al., 2014) and
I2CVB (Lemâıtre et al., 2015), together having 366 images,
and (iii) the second OOD dataset combines RUNMC (Bloch
et al., 2015; Barentsz et al., 2012) and UCL (Litjens et al.,
2014), together having 348 images. From the ID dataset,
we use 150 images for training, 18 images for validation,
and 213 images for ID testing.

Fetal Head. We utilize two publicly available ultra-
sound datasets. The HC18 dataset (van den Heuvel et al.,
2018), comprising 884 images, serves as the ID dataset.
From this set, we use 150 images for training, 68 images
for validation, and 666 images for ID testing. The Fe-
talPlanes dataset (Burgos-Artizzu et al., 2020), containing
1250 images, is the OOD test set.

Curation of ID Training Set, ID Validation Set,
ID Test Set. From the ID dataset, we aim to create an
ID training subset that has a small size (say, 150) mim-
icking clinical scenarios, and that is representative of the
diversity of anatomical shapes in the application. For this
purpose, we propose the following strategy. First, in the ID
dataset, for each binarized ground-truth segmentation map,
we extract six features that collectively characterize the
anatomical geometry (Alnaggar et al., 2024), i.e., region
area, bounding-box area, extent, eccentricity, solidity, and
orientation. Second, in this 6-dimensional feature space,
we perform K-means clustering using 50 clusters. Third, we
randomly select 3 segmentation maps from each of the 50
clusters, giving a total of 150 images (and their acquired
medical images) in the ID training subset (used by all meth-
ods/baselines). From the remaining ID data, we use 10%
as the ID validation set (to tune the hyperparameters for all
models), and 90% as the ID test set. We train all the base-

lines, as well as VarDeepPCA, using the training dataset of
these curated 150 image-mask pairs. We use the validation
set to find the optimal latent-dimension size (i.e., K) for
training our VarDeepPCA framework.

Data Augmentation. To enhance model generaliza-
tion and mitigate overfitting, we employ data augmentation
(Buslaev et al., 2020) during learning for VarDeepPCA as
well as for all the baseline methods. The augmentation
pipeline uses geometric and pixel-level transformations. Ge-
ometric augmentations, specifically horizontal flip, vertical
flip, and affine transformations (comprising rotation, scaling,
and translation), apply synchronously to medical images
and their corresponding segmentation maps. Pixel-level
augmentations include random brightness-contrast, random
gamma, and blur.

4.2 Evaluation Metrics

Quantifying Segmentation Performance. Our evalu-
ation prioritizes boundary-based metrics, which quantify
distances between the predicted boundary points and the
ground-truth boundary points. The Dice similarity coeffi-
cient (DSC) (Dice, 1945; Sørensen, 1948; Zijdenbos et al.,
1994) is a popular metric for image segmentation, but it
loses sensitivity when boundary-prediction errors are small
relative to the size of the object (Seghier, 2024). Since our
work focuses on precise object-boundary delineation, instead
of localization, we primarily rely on metrics that are more
sensitive to delineation errors (Nawaz et al., 2023). Our
chosen metrics are the 95th-percentile Hausdorff distance
(HD95) (Huttenlocher et al., 1993) and the average surface
distance (ASD) (Yeghiazaryan and Voiculescu, 2018); both
of these metrics are calculated in pixel distances, and lower
values are better. These metrics are well-established for
segmentation tasks in cardiac MRI (Bernard et al., 2018; Li
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Table 2: Model Sizes, Training Times, Inference Times, Hyperparameters. The model size (number of parameters;
in millions), training time (in minutes), and per-image inference time (in milliseconds) are the same across all four
applications. MedSegDiff needed many more epochs during training, compared to other models. Learning rate (LR),
weight decay (WD), batch size (BS), and loss functions are for training.
Models Params (M) Train. Time (mins) Inf. Time (ms) Train. Epochs Key Hyperparameters, Loss Functions

UNet 31.03 6.8 9.9 ± 16.7 200 Adam: LR 1e-4, WD 5e-4;
(Ronneberger et al., 2015) BS 64; Loss: SoftDice

AttnUNet 34.87 9.2 10.6 ± 27.3 200 Adam: LR 1e-4, WD 5e-4;
(Oktay et al., 2018) BS 32; Loss: SoftDice

ResUNet++ 4.06 7.3 9.1 ± 20.2 200 Adam: LR 1e-4, WD 5e-4;
(Jha et al., 2019) BS 64; Loss: SoftDice

DeepLabV3+ 59.33 5.6 10.1 ± 23.2 200 Adam: LR 1e-4, WD 5e-4;
(Chen et al., 2018a) BS 64; Loss: SoftDice

BASNet 87.06 21.4 18.2 ± 9.5 200 Adam: LR 1e-4, WD 5e-4;
(Qin et al., 2019) BS 24; Loss: BCE, SSIM, IoU

SegAN 216.44 19.3 14.1 ± 21.3 200 Adam: LR 1e-4, WD 0, β 0.999;
(Xue et al., 2018) BS 24; Loss: SoftDice, Adv.

MedSegDiff 129.40 2120.0 6.8e4 ± 150.1 10000 Adam: LR 1e-4, WD 0; EMA: 0.999;
(Wu et al., 2023, 2024) BS 14; Loss: MSE, Calib.

DSTransUNet 171.44 17.8 61.2 ± 29.5 200 Adam: LR 1e-4, WD 5e-4;
(Lin et al., 2021) BS 24; Loss: Structure

VMUNet 44.27 21.1 20.7 ± 79.7 200 Adam: LR 1e-4, WD 5e-4;
(Ruan et al., 2024) BS 8; Loss: SoftDice

MedSAM 93.73 NA 1204.8 ± 30.3 NA NA
(Huang et al., 2024)

PHISeg 99.21 12.9 183.7 ± 29.2 200 Adam: LR 1e-4; BS 16;
(Baumgartner et al., 2019) Loss: Hierarchical KLD, CE

ProbUNet 5.0 7.6 21.0 ± 20.4 200 Adam: LR 1e-4, WD 0; Lat. Dim: 6;
(Kohl et al., 2018) β: 10.0; BS 32; Loss: L2, ELBO

HierProbUNet 65.36 22.1 199.3 ± 40.0 200 Adam: LR 1e-4, WD 1e-5; Lat. Dim: 4;
(Kohl et al., 2019) BS 8; Loss: BCE, GECO

SegCNN+TTA+DAE 2.25 8.08 3703.1 ± 272.9 200 Adam: Train LR 1e-4, WD 5e-4; BS 32;
(+Atlas) (Karani et al., 2021) TTA LR 1e-3, steps 1000; Loss: SoftDice

et al., 2010), retinal images (Nawaz et al., 2023), prostate
MRI (Langkilde et al., 2024; Liu et al., 2021), and fetal
head ultrasound (Zeng et al., 2021; Nagabotu and Nam-
buru, 2024). We also report DSC (higher is better) in
percentage, for reference.

Quantifying Uncertainty-Estimation Performance.
We seek uncertainty estimates that correlate with, or are
well-calibrated with respect to, actual errors in segmenta-
tion. For this purpose, we use three metrics (described in
Section 2.2): (i) NCC (Fischer et al., 2023), (ii) US (Mehta
et al., 2022), and (iii) TACE (Nixon et al., 2019).

4.3 Establishing Clinical Utility Based on
Segmentation-Map HD95

We decide on the clinical utility of a given segmentation map
generated by the DNN based on its HD95 value with respect
to the ground-truth segmentation map, as follows. First, for

the ID dataset in each application, we pool the segmentation
results across all baselines and compute the histogram of
the HD95 values. Subsequently, for each ID dataset, we
analyze the histogram of HD95 values to find the typical
range of HD95 values that can be considered as a clinically-
acceptable performance (assuming most baselines work well
on ID datasets). Through this quantitative analysis, we
find that: (i) for the cardiac CAP dataset: HD95 ≤ 8
pixels accounted for around 92% of the segmentations;
(ii) for the retinal MAGRABI dataset: HD95 ≤ 8 pixels
accounted for around 72% of the segmentations; (iii) for
the prostate BIDMC+BMC dataset: HD95 ≤ 8 pixels
accounted for around 75% of the segmentations; (iv) for the
fetal HC18 dataset: HD95 ≤ 8 pixels accounted for around
59% of the segmentations. Moreover, qualitative analysis in
Figure 3 shows that HD95 values below 7-8 pixels typically
indicate minor inconsistencies in the segmentation maps.
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(a1) Cardiac MRI (a2) Full BBox (a3) Half BBox (a4) Small BBox

(b1) Epicardium BBox (b2) Endocardium BBox (b3) Myocardium (b4) GT

(c1) Fundus image (c2) Full BBox (c3) Half BBox (c4) Small BBox

(d1) Optic Disc BBox (d2) Optic Cup BBox (d3) Neuroretinal Rim (d4) GT

(e1) Prostate MRI (e2) Full BBox (e3) Prostate BBox (e4) GT

(f1) Ultrasound (f2) Full BBox (f3) Fetal Head BBox (f4) GT

Figure 4: MedSAM-based Segmentation using a
Bounding Box (BBox) Prompt. (a1)–(b4) Segmenting
myocardium in cardiac MRI. (c1)–(d4) Segmenting neu-
roretinal rim in retinal fundus images. (e1)–(e4) Segment-
ing prostate in T2-weighted MRI. (f1)–(f4) Segmenting
fetal head in ultrasound images.

Such inconsistencies may also arise from the variability
across inter-expert and intra-expert annotations. On the
other hand, HD95 values more than 11 typically indicate
significant deviations from the ground truth. Thus, we
consider a segmentation with a HD95 values ≤ 8 as having
clinical utility.

4.4 Baseline Methods

We compare our method against a comprehensive suite of
baselines (denoted Φ(·) earlier). As representative of stan-
dard encoder-decoder architectures (early DNN methods
for medical image segmentation), we include UNet (Ron-
neberger et al., 2015), AttnUNet (Oktay et al., 2018), Re-

sUNet++ (Jha et al., 2019), and DeepLabV3+ (Chen et al.,
2018a). To represent hybrid loss functions, we use BAS-
Net (Qin et al., 2019) that is designed for boundary-aware
segmentation. To represent transformer architectures, we
utilize DSTransUNet (Lin et al., 2021), a pre-trained model
that has been shown to surpass TransUNet (Chen et al.,
2024). Our generative baselines include the adversarial-
based SegAN (Xue et al., 2018) and the diffusion-based
MedSegDiff (Wu et al., 2023). We also use some very
recent strategies, i.e., VMUNet (Ruan et al., 2024) repre-
senting state-space models, and MedSAM (Huang et al.,
2024) representing foundation models. We evaluate Med-
SAM in a zero-shot setting using prompts (specific strategy
described later), as it is a foundation model trained on over
one million medical image-mask pairs.

Within the class of variational-learning methods (which
also produce uncertainty estimates), we use ProbUNet (Kohl
et al., 2018), HierProbUNet (Kohl et al., 2019), and PHISeg
(Baumgartner et al., 2019). For each variational method,
we generated 20 stochastic samples per input image at in-
ference time; these samples lead to the mean segmentation
map and the per-pixel standard deviation (uncertainty) map.
We utilize the mean prediction generated by each variational
method as the input for VarDeepPCA refinement. Within
the class of TTA-based methods, we use the method by
(Karani et al., 2021) that has (i) an image-to-image transla-
tor for normalization, which is adapted to the test image at
test time, (ii) a UNet-based segmenter, and (iii) a denoising
autoencoder (DAE) that removes minor inconsistencies in
the segmentation masks. (Karani et al., 2021) uses jigsaw-
based random-patch (Karani et al., 2021) replacement to
train the DAE using 2D masks. We use two versions of the
method by (Karani et al., 2021), i.e., SegCNN+TTA+DAE,
and SegCNN+TTA+DAE+Atlas where the atlas constrains
the predicted segmentation map to be close to typical ID
segmentation maps.

Model Size, Training Time, and Inference Time.
Table 2 gives the model size, training time, and inference
time. All experiments use an NVIDIA RTX A6000 GPU. The
training and inference times remain the same across applica-
tions because they use the same number of training images,
same image size, and same number of epochs. Among the
baselines, DeepLabV3+ exhibited the fastest training (5.6
min), likely due to its efficient atrous convolution modules
(Chen et al., 2018a). ResUNet++ was the fastest during in-
ference. The model in SegCNN+TTA+DAE had the small-
est parameter count. Our VarDeepPCA plugin framework
is lightweight. Its smallest configuration (latent dimension
K = 3) comprises 1.02M parameters, which is approxi-
mately 50% of the smallest baseline (SegCNN+TTA+DAE).
Its largest configuration (latent dimension K = 16) com-
prises 2.72M parameters; this contrasts sharply with the
largest baseline (SegAN with 216.44M params). Because
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Table 3: Results–Quantitative: Myocardium Segmentation. All models were trained on CAP (ID), and evaluated
on ACDC and ACMRI (both OOD). For each method-dataset combination, we report mean (top row) and standard
deviation (bottom row, in gray) for DSC(↑), HD95(↓), and ASD(↓). Augmenting each baseline with our VarDeepPCA
consistently improves performance. Bold-font values in the columns indicate a statistically significant improvement of
the Baseline+VarDeepPCA method over the underlying Baseline method, using a one-tailed paired-sample t-test (p <
0.05).

CAP (ID) ACDC (OOD) ACMRI (OOD)

Baseline Baseline + Baseline Baseline + Baseline Baseline +
VarDeepPCA VarDeepPCA VarDeepPCA

DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD

UNet 89.6 6.2 2.3 90.0 3.8 1.5 73.5 28.6 7.7 76.8 7.2 2.9 75.2 26.0 7.9 80.4 8.1 3.6
3.7 9.6 1.8 3.4 1.3 0.5 11.6 19.0 4.3 9.9 3.7 1.2 11.4 20.1 5.3 8.1 3.5 1.8

AttnUNet 90.9 3.6 1.5 90.9 3.5 1.4 78.4 15.3 4.3 79.4 6.1 2.6 75.5 17.7 5.6 78.6 8.2 3.4
3.1 1.9 0.8 3.0 1.3 0.5 10.9 14.5 3.0 9.1 3.0 1.1 10.0 14.1 3.3 8.5 3.3 1.5

ResUNet++ 89.1 4.2 1.6 89.7 3.8 1.5 77.1 9.3 2.9 77.4 7.3 2.8 78.2 11.8 4.1 79.6 8.5 3.5
3.6 2.5 0.7 3.5 1.3 0.5 8.5 6.5 1.3 8.8 3.5 1.1 7.8 9.4 2.2 7.4 3.1 1.3

DeepLabV3+ 88.4 4.4 1.8 88.8 4.1 1.7 70.1 13.6 5.1 70.5 9.8 4.1 69.9 11.8 4.5 71.3 9.3 3.9
3.9 1.9 0.6 3.9 1.2 0.5 12.9 9.0 2.6 13.6 4.4 1.7 10.5 7.4 2.0 10.4 2.8 1.1

BASNet 91.3 3.2 1.4 91.4 3.1 1.3 80.2 10.0 3.5 80.2 5.6 2.5 81.1 9.1 3.4 81.2 7.2 3.1
2.9 1.2 0.6 3.0 1.2 0.4 8.5 14.0 2.9 8.1 1.8 0.9 7.7 9.4 2.1 7.7 2.8 1.3

SegAN 91.6 3.3 1.3 91.7 3.2 1.3 72.3 11.7 4.3 72.7 8.3 3.6 71.0 10.9 4.0 72.3 8.5 3.4
3.5 1.4 0.5 3.5 1.3 0.5 12.7 8.8 2.4 12.8 3.2 1.3 13.3 8.3 1.9 12.7 3.1 1.2

MedSegDiff 87.1 4.3 1.9 88.1 4.2 1.9 69.7 12.2 4.7 71.0 8.9 4.1 71.7 11.5 4.7 73.0 9.5 4.3
7.3 1.6 0.7 4.4 1.3 0.6 10.0 8.7 2.3 10.1 2.8 1.5 12.1 8.4 2.3 11.3 3.0 1.6

DSTransUNet 91.5 3.5 1.3 91.8 3.0 1.2 77.6 11.6 3.8 79.2 6.7 2.7 81.0 8.3 3.2 81.8 7.4 3.2
3.0 3.8 0.9 2.8 1.2 0.5 9.8 10.2 2.5 9.0 3.5 1.2 8.6 6.0 1.7 7.9 3.7 1.7

VMUNet 90.4 3.5 1.4 90.6 3.4 1.4 77.9 9.2 3.2 78.0 6.9 2.8 78.2 8.3 3.1 78.3 7.9 3.1
2.9 1.2 0.5 2.9 1.2 0.5 10.4 9.2 2.4 10.2 3.3 1.1 10.4 4.8 1.4 10.5 3.8 1.3

MedSAM 62.9 10.4 4.1 68.6 6.5 3.8 60.0 9.5 3.1 63.3 6.3 2.3 71.3 8.8 3.3 74.1 6.2 2.1
13.6 3.7 1.4 13.1 3.1 1.5 21.5 4.9 1.2 20.6 4.1 0.2 15.8 3.4 0.9 14.0 3.1 0.3

PHISeg 88.9 3.9 1.6 88.9 3.9 1.5 74.6 7.3 2.9 74.8 6.7 2.9 72.9 8.7 3.2 73.0 8.3 3.2
4.2 1.6 0.6 4.2 1.4 0.6 14.2 4.2 1.2 14.3 3.0 1.1 11.1 3.6 1.0 10.9 3.0 1.0

ProbUNet 89.3 4.4 1.8 90.1 3.6 1.5 74.3 21.5 6.1 78.1 6.4 2.6 73.4 21.3 6.4 77.9 7.6 3.2
3.9 3.2 1.0 3.6 1.3 0.5 10.8 17.0 3.9 9.5 3.0 0.9 10.4 15.0 3.7 8.8 2.8 1.5

HierProbUNet 86.7 6.2 2.3 89.2 3.9 1.6 60.4 39.1 12.0 70.0 9.4 3.5 71.0 25.7 7.8 76.6 8.8 3.7
4.9 5.4 1.4 4.0 1.4 0.5 9.1 15.4 4.5 8.2 2.9 1.2 9.6 14.1 3.4 8.6 3.0 1.5

SegCNN+DAE 90.1 3.8 1.7 90.2 3.7 1.6 78.2 8.3 3.2 79.7 5.9 2.2 79.3 10.3 3.7 80.4 7.8 2.7
+TTA 3.2 1.4 0.5 3.2 1.4 0.4 10.1 7.5 2.2 9.7 2.8 1.3 9.8 9.4 2.8 9.1 3.5 2.1

SegCNN+DAE 90.6 3.6 1.4 90.6 3.6 1.4 79.7 7.3 2.8 80.6 5.8 2.1 80.4 9.3 3.4 81.9 7.5 2.6
+TTA+Atlas 3.2 1.3 0.4 3.2 1.3 0.4 9.8 7.4 1.9 9.5 2.6 1.1 9.0 8.9 2.5 8.7 3.3 1.9

Mean of Baselines 87.7 4.6 1.8 88.6 3.8 1.6 74.5 13.6 4.4 75.8 7.2 3.0 75.5 13.2 4.5 77.5 8.0 3.3
8.9 4.0 1.2 7.6 1.7 0.9 12.2 13.6 3.3 11.4 3.4 1.3 11.4 12.2 3.1 10.4 3.3 1.5

of VarDeepPCA’s architectural simplicity, it has very small
training times (under 2 minutes for all latent vectors from
K = 2 to K = 16) and inference times (around 3.56 ms
per image). In this way, the VarDeepPCA plugin typically
leads to (very) small overheads in terms of model size and
training/inference time.

MedSAM Bounding-Box Strategy. First, MedSAM’s
extensive training on over 1.5 million medical image-mask
pairs (Huang et al., 2024) leads to a high risk of overlap be-
tween its training set and our test sets (giving it a potential
undue advantage). Second, MedSAM leads to fundamental

limitations in our applications: (i) MedSAM is highly sensi-
tive to the placement and size of its bounding-box prompt,
and (ii) MedSAM fails to generalize to anatomical topolo-
gies (e.g., ring shapes for myocardium and neuroretinal
rim) that were absent in its training data, because its train-
ing was heavily biased towards genus-0 (Giri et al., 2021)
objects. Consequently, a naively designed bounding-box
prompt produces unusable results (Figure 4). Nevertheless,
to establish a competitive baseline, we used an “oracle
prompting” strategy that utilizes ground-truth information
(of course, this is unfair to all other baselines) as follows:
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(a) SegCNN+DAE+TTA+Atlas (b) VMUNet (c) ResUNet++

(d) PHISeg (e) ProbUNet (f) HierProbUNet

(g) Unc. for (d) PHISeg (h) Unc. for (e) ProbUNet (i) Unc. for (f) HierProbUNet

(j) Unc. for (d)+VarDeepPCA (k) Unc. for (e)+VarDeepPCA (l) Unc. for (f)+VarDeepPCA

Figure 5: Results–Qualitative: Myocardium Segmenta-
tion Restoration on ACDC (OOD) data. (a)–(c) Results
on images for the best non-variational baselines. (d)–(f) Re-
sults on images for the variational baselines. (g)–(i) Uncer-
tainty maps produced using variational baselines. (j)–(l) Un-
certainty maps produced using VarDeepPCA when plugged
into the associated baselines (d)–(f). Color scheme in
(a)–(f): Baseline; Baseline+VarDeepPCA (Ours); Ground
Truth. HD95 numbers in (a)–(f) indicate that the exam-
ples were representative of the test set, because the HD95
values were close to the mean HD95 reported in Table 3.
NCC numbers in (g)–(l) indicate that the examples were
representative of the test set, because the NCC values were
close to the mean of the NCC reported in Table 5.

(i) to segment ring-like structures, we use MedSAM using
a two-stage strategy that models the ring as a “subtrac-
tion” of an inner genus-0 segment from an outer genus-0
segment (Figure 4(a1)-(b4) for myocardium; Figure 4(c1)-
(d4) for neuroretinal rim); (ii) for genus-0 structures, e.g.,
the prostate and fetal head, we use a single bounding box
(Figure 4(e1)-(f4)); (iii) our bounding-box prompts use
bounding boxes as expanded versions of the ground-truth
bounding box, where the expansion adds a random margin
of 10-30% of the box dimensions.

(a) DSTransUNet (b) VMUNet (c) BASNet

(d) PHISeg (e) ProbUNet (f) HierProbUNet

(g) Unc. for (d) PHISeg (h) Unc. for (e) ProbUNet (i) Unc. for (f) HierProbUNet

(j) Unc. for (d)+VarDeepPCA (k) Unc. for (e)+VarDeepPCA (l) Unc. for (f)+VarDeepPCA

Figure 6: Results–Qualitative: Myocardium Segmen-
tation Restoration on ACMRI (OOD) data. (a)–(c) Re-
sults on images for the best non-variational baselines. (d)–
(f) Results on images for the variational baselines. (g)–
(i) Uncertainty maps produced using variational baselines.
(j)–(l) Uncertainty maps produced using VarDeepPCA
when plugged into the associated baselines (d)–(f). Color
scheme in (a)–(f): Baseline; Baseline+VarDeepPCA (Ours);
Ground Truth. HD95 numbers in (a)–(f) indicate that the
examples were representative of the test set, because the
HD95 values were close to the mean HD95 reported in Ta-
ble 3. NCC numbers in (g)–(l) indicate that the examples
were representative of the test set, because the NCC values
were close to the mean of the NCC reported in Table 5.

4.5 Implementation Details for Our VarDeepPCA

We demonstrate the benefits of VarDeepPCA using 14
publicly-available datasets and 15 existing DNN segmenters.
VarDeepPCA’s architecture uses: (i) an encoder E(·; θE)
having a sequence of convolution and max-pooling layers
that progressively increases the number of feature channels
(32→64→128→256) while reducing spatial dimensions by
2× at each pooling stage (256→128→64→32→16), fol-
lowed by a fully-connected bottleneck layer that projects
the flattened 256×16×16 feature map to a low-dimensional
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Table 4: Results–Quantitative: Neuroretinal Rim Segmentation. All models were trained on MAGRABI (ID),
and evaluated on G1020 and ORIGA (both OOD). For each method-dataset combination, we report mean (top row)
and standard deviation (bottom row, in gray) for DSC(↑), HD95(↓), and ASD(↓). Augmenting each baseline with our
VarDeepPCA consistently improves performance. Bold-font values in the columns indicate a statistically significant
improvement of the Baseline+VarDeepPCA method over the underlying Baseline method, using a one-tailed paired-sample
t-test (p < 0.05).

Models
MAGRABI (ID) G1020 (OOD) ORIGA (OOD)

Baseline Baseline + Baseline Baseline + Baseline Baseline +
VarDeepPCA VarDeepPCA VarDeepPCA

DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD

UNet 88.1 7.7 3.3 89.4 6.0 2.8 79.3 16.2 5.7 82.6 7.3 3.4 71.7 21.1 7.6 76.3 7.6 4.3
4.7 6.3 1.9 4.6 2.1 1.2 10.8 19.3 5.9 8.3 2.2 1.3 10.2 20.5 6.2 6.4 1.9 1.1

AttnUNet 92.0 5.5 2.0 92.9 4.9 1.8 78.3 9.8 4.2 82.2 7.7 3.4 68.6 11.1 5.4 69.3 9.3 5.3
4.0 2.4 0.8 3.7 2.0 0.7 9.5 7.1 1.9 8.3 2.0 1.1 7.3 4.2 1.3 7.6 1.6 1.1

ResUNet++ 76.9 23.7 2.2 77.2 7.1 1.9 73.9 32.2 8.1 76.6 10.8 5.3 47.8 26.3 8.8 55.7 10.4 5.7
21.9 12.2 1.8 21.5 1.1 1.5 10.6 16.9 7.3 7.8 0.9 1.3 25.4 15.9 6.3 23.6 1.5 2.1

DeepLabV3+ 92.2 5.5 2.0 92.2 5.3 2.0 74.7 13.0 6.3 76.3 9.2 5.5 62.0 11.4 7.6 63.3 8.6 6.5
3.7 2.5 0.9 3.6 2.1 0.8 7.4 8.4 2.4 6.2 1.6 1.4 7.4 4.0 1.3 7.0 1.0 1.0

BASNet 93.7 4.4 1.6 93.8 4.3 1.6 79.5 11.7 5.2 80.5 8.0 4.4 65.1 13.0 7.1 67.6 10.1 6.5
3.0 1.9 0.7 2.9 1.9 0.6 7.1 10.4 2.8 6.4 2.0 1.4 6.8 8.9 2.2 6.7 1.2 0.9

SegAN 77.2 23.0 1.7 77.7 7.2 1.7 79.1 26.3 4.8 83.0 10.7 4.6 46.5 15.3 5.1 53.9 10.5 5.9
23.0 10.9 0.7 22.9 0.4 1.0 9.0 3.2 1.6 8.6 1.0 1.5 19.2 7.8 1.8 19.0 1.2 1.3

MedSegDiff 92.5 5.2 1.9 92.6 5.0 1.8 77.8 9.8 5.3 78.0 8.5 5.0 62.9 10.8 7.0 63.5 9.1 7.0
3.2 2.0 0.7 3.2 2.0 0.7 7.2 8.1 2.5 7.1 1.9 1.6 7.2 2.5 1.2 7.2 1.2 1.0

DSTransUNet 92.4 5.5 2.0 93.1 4.7 1.7 78.5 14.4 5.8 80.7 7.9 4.1 62.3 21.8 8.6 68.2 9.6 6.0
3.3 4.3 1.0 3.2 1.8 0.7 8.6 16.5 5.3 7.0 2.1 1.4 8.1 15.4 3.6 7.1 1.3 1.0

VMUNet 93.0 4.8 1.8 93.2 4.6 1.7 79.1 10.0 4.8 80.1 8.3 4.4 61.8 12.7 7.2 62.0 10.4 6.8
3.2 2.0 0.7 3.3 2.0 0.7 7.1 8.0 2.1 6.8 1.9 1.4 7.1 7.3 1.7 7.2 1.2 1.0

MedSAM 78.2 11.8 5.0 84.6 7.8 3.3 80.3 9.2 3.4 85.1 6.8 2.9 77.4 6.5 2.6 81.1 5.5 2.4
7.6 3.2 1.5 6.0 2.8 1.7 8.5 4.0 1.0 6.9 2.4 1.0 11.6 2.1 0.7 10.0 1.9 0.7

PHISeg 92.3 5.0 1.9 93.1 4.8 1.7 74.6 10.7 4.2 78.1 8.2 4.2 63.6 10.4 6.3 63.5 9.8 6.4
4.4 2.0 0.7 3.2 1.9 0.6 16.0 8.0 1.3 9.7 1.9 1.3 7.8 1.4 1.1 7.7 1.3 1.1

ProbUNet 82.9 10.1 4.3 85.4 6.8 3.7 66.0 21.8 7.8 74.0 9.3 4.3 62.5 30.7 10.9 70.8 9.7 3.7
8.3 5.0 1.7 7.4 2.4 1.6 13.3 12.7 4.2 11.5 1.8 1.2 14.0 15.9 6.1 13.6 1.6 0.9

HierProbUNet 84.6 10.9 4.4 88.7 6.3 3.0 72.1 28.0 10.3 80.8 8.6 4.0 67.5 14.9 6.4 72.0 9.1 4.4
6.1 8.1 3.0 4.7 2.3 1.1 11.1 26.8 9.8 8.5 2.1 1.4 8.7 12.6 5.2 8.1 1.8 1.2

SegCNN+DAE 89.3 6.8 2.9 90.7 6.3 2.7 79.6 9.7 4.9 80.8 8.1 4.3 67.9 10.5 6.6 68.5 9.5 5.1
+TTA 4.3 2.6 1.3 3.6 2.1 1.7 8.5 7.3 3.1 7.5 2.6 1.6 8.3 4.9 1.9 7.9 2.1 1.8

SegCNN+DAE 90.3 6.2 2.5 91.2 5.7 2.1 80.1 8.9 4.2 81.1 7.7 3.8 69.1 9.9 5.4 70.2 9.0 4.9
+TTA+Atlas 4.0 2.4 1.0 3.9 2.1 1.0 7.3 6.0 2.0 7.1 2.0 1.2 7.6 4.1 1.5 7.5 1.6 1.1

Mean of Baselines 89.5 6.8 2.7 90.9 5.6 2.3 77.6 12.6 5.2 80.4 8.1 4.1 67.5 14.1 6.5 70.2 8.8 5.0
6.6 4.5 1.7 5.2 2.3 1.3 10.3 12.5 4.0 8.3 2.2 1.5 10.5 12.2 3.9 10.1 2.2 1.8

latent vector F ∈ 1× 1× RK (in this paper, K is tunable
and set to the optimal value for each application), and (ii) a
corresponding decoder D(·; θD) that applies a softmax acti-
vation to F before using a fully-connected expansion layer
and transpose-convolutions for upsampling back to the orig-
inal 256×256 resolution. Training uses Adam (Kingma and
Ba, 2015), a batch normalization after each convolution
layer, and four independent runs from which we choose
the best model. This architecture achieves dimensionality
reduction by compressing high-dimensional spatial features
into a K-dimensional representation, enabling efficient la-

tent space analysis while learning to preserve reconstruction
quality through the decoder pathway. The specific model
configurations were tailored to each application: K = 16
(2.72M parameters) for the myocardium; K = 8 (1.67M
parameters) for both the neuroretinal rim and prostate;
and K = 3 (1.02M parameters) for the fetal head. All
implementations use PyTorch (Paszke et al., 2019). In the
interest of reproducibility, the code and models used in this
study will be made publicly available after publication.
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Table 5: Results–Quantitative: Myocardium – Measuring Calibration between Per-Pixel Segmentation
Uncertainty and Per-Pixel Segmentation Error. All models were trained on CAP (ID), and evaluated on ACDC
and ACMRI (both OOD). For each method-dataset combination, we report the mean (top row) and standard deviation
(bottom row; in gray) for NCC (↑), US (↑), and TACE (↓) metrics. Augmenting each baseline with our VarDeepPCA
shows better calibration. Bold-font values in the columns indicate a statistically significant improvement of the
Baseline+VarDeepPCA method over the underlying Baseline method, using a one-tailed paired-sample t-test (p < 0.05).

CAP (ID) ACDC (OOD) ACMRI (OOD)

Baseline Baseline + Baseline Baseline + Baseline Baseline +
VarDeepPCA VarDeepPCA VarDeepPCA

NCC US TACE NCC US TACE NCC US TACE NCC US TACE NCC US TACE NCC US TACE

PHISeg 0.53 0.83 0.23 0.58 0.85 0.18 0.41 0.73 0.35 0.48 0.88 0.16 0.52 0.75 0.32 0.56 0.85 0.10
0.04 0.03 0.05 0.03 0.02 0.03 0.05 0.08 0.08 0.05 0.07 0.03 0.04 0.07 0.06 0.05 0.06 0.02

ProbUNet 0.34 0.75 0.29 0.50 0.91 0.19 0.23 0.63 0.31 0.46 0.89 0.21 0.33 0.73 0.34 0.45 0.87 0.12
0.06 0.01 0.06 0.03 0.01 0.03 0.05 0.04 0.12 0.04 0.04 0.03 0.08 0.04 0.10 0.04 0.05 0.02

HPUNet 0.45 0.73 0.18 0.50 0.85 0.10 0.34 0.61 0.49 0.43 0.75 0.26 0.42 0.57 0.31 0.47 0.82 0.19
0.03 0.02 0.07 0.03 0.02 0.03 0.04 0.04 0.07 0.05 0.04 0.02 0.05 0.05 0.09 0.04 0.04 0.02

4.6 Results: Quantitative and Qualitative

A comprehensive analysis across all four application domains
reveals degraded OOD performance for many early-DNN
methods and some variational methods. While the varia-
tional model PHISeg demonstrated considerable robustness
to OOD data and provided meaningful uncertainty maps,
other large architectures, e.g., BASNet, MedSegDiff, and
DSTransUNet, showed only occasional robustness depend-
ing on the specific application and the specific OOD dataset.
We find that SegCNN+DAE+TTA+Atlas shows robust seg-
mentation performance on OOD data in some applications.
Our VarDeepPCA framework consistently refined the results,
with often significantly improving the results produced by
the baseline methods. In datasets where baseline perfor-
mance had poor accuracy and poor precision (exhibiting

high variance) in terms of HD95, VarDeepPCA not only im-
proved the accuracy but also the precision. The reduction in
variance may be attributed to VarDeepPCA’s ability to learn
the manifold/distribution of anatomically valid geometries.
For qualitative analysis, we show representative examples
for which the HD95 value comes close to the mean HD95
value across the entire test set.

Myocardium Segmentation. On the CAP (ID) test
set, most baseline models perform well (Table 3), achieving
a mean DSC ≥ 86% and HD95 ≤ 6.5; this implies that
the models fitted well (avoiding overfitting) to the training
data. As anticipated, when the same models are applied
to OOD datasets (ACDC and ACMRI), we observe a sig-
nificant degradation in performance across all metrics; this
confirms the baseline models’ lack of robustness to domain
shifts. Our primary finding is that plugging in our VarDeep-

Table 6: Results–Quantitative: Neuroretinal Rim – Measuring Calibration between Per-Pixel Segmentation
Uncertainty and Per-Pixel Segmentation Error. All models were trained on MAGRABI (ID), and evaluated on
G1020 and ORIGA (both OOD). For each method-dataset combination, we report the mean (top row) and standard
deviation (bottom row; in gray) for NCC (↑), US (↑), and TACE (↓) metrics. Augmenting each baseline with our
VarDeepPCA shows better calibration. Bold-font values in the columns indicate a statistically significant improvement
of the Baseline+VarDeepPCA method over the underlying Baseline method, using a one-tailed paired-sample t-test (p
< 0.05).

MAGRABI (ID) G1020 (OOD) ORIGA (OOD)

Baseline Baseline + Baseline Baseline + Baseline Baseline +
VarDeepPCA VarDeepPCA VarDeepPCA

NCC US TACE NCC US TACE NCC US TACE NCC US TACE NCC US TACE NCC US TACE

PHISeg 0.56 0.93 0.21 0.58 0.95 0.12 0.48 0.82 0.32 0.57 0.87 0.13 0.54 0.82 0.48 0.56 0.86 0.18
0.05 0.03 0.04 0.04 0.02 0.01 0.07 0.11 0.06 0.05 0.06 0.01 0.05 0.04 0.06 0.04 0.03 0.01

ProbUNet 0.42 0.91 0.27 0.49 0.94 0.12 0.37 0.85 0.39 0.43 0.88 0.13 0.33 0.86 0.55 0.39 0.88 0.16
0.07 0.04 0.08 0.06 0.03 0.02 0.08 0.06 0.12 0.07 0.06 0.01 0.08 0.07 0.11 0.05 0.06 0.01

HPUNet 0.45 0.92 0.19 0.53 0.95 0.10 0.44 0.88 0.40 0.49 0.92 0.13 0.43 0.88 0.45 0.53 0.93 0.12
0.04 0.03 0.09 0.05 0.02 0.01 0.07 0.06 0.12 0.07 0.04 0.01 0.05 0.04 0.09 0.05 0.04 0.01
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(a) SegCNN+DAE+TTA+Atlas (b) MedSegDiff (c) MedSAM

(d) PHISeg (e) ProbUNet (f) HierProbUNet

(g) Unc. for (d) PHISeg (h) Unc. for (e) ProbUNet (i) Unc. for (f) HierProbUNet

(j) Unc. for (d)+VarDeepPCA (k) Unc. for (e)+VarDeepPCA (l) Unc. for (f)+VarDeepPCA

Figure 7: Results–Qualitative: Neuroretinal Rim Seg-
mentation Restoration on G1020 (OOD) data. (a)–
(c) Results on images for the best non-variational baselines.
(d)–(f) Results on images for the variational baselines.
(g)–(i) Uncertainty maps produced using variational base-
lines. (j)–(l) Uncertainty maps produced using VarDeep-
PCA when plugged into the associated baselines (d)–(f).
Color scheme in (a)–(f): Baseline; Baseline+VarDeepPCA
(Ours); Ground Truth. HD95 numbers in (a)–(f) indi-
cate that the examples were representative of the test set,
because the HD95 values were close to the mean HD95
reported in Table 4. NCC numbers in (g)–(l) indicate that
the examples were representative of the test set, because
the NCC values were close to the mean of the NCC reported
in Table 6.

PCA framework consistently and significantly lowers the
HD95 and ASD values across all baselines on these OOD
datasets. For these experiments, we use a latent dimension
of K = 16 for VarDeepPCA, as justified in our sensitivity
analysis in Section 4.7. This demonstrates that VarDeep-
PCA successfully filters the degraded segmentation maps
and projects them onto the learned manifold of anatomically
plausible geometries. Notably, VarDeepPCA also improves
the boundary metrics (HD95, ASD) even on the ID test

(a) SegCNN+DAE+TTA+Atlas (b) MedSegDiff (c) MedSAM

(d) PHISeg (e) ProbUNet (f) HierProbUNet

(g) Unc. for (d) PHISeg (h) Unc. for (e) ProbUNet (i) Unc. for (f) HierProbUNet

(j) Unc. for (d)+VarDeepPCA (k) Unc. for (e)+VarDeepPCA (l) Unc. for (f)+VarDeepPCA

Figure 8: Results–Qualitative: Neuroretinal Rim Seg-
mentation Restoration on ORIGA (OOD) data. (a)–
(c) Results on images for the best non-variational baselines.
(d)–(f) Results on images for the variational baselines.
(g)–(i) Uncertainty maps produced using variational base-
lines. (j)–(l) Uncertainty maps produced using VarDeep-
PCA when plugged into the associated baselines (d)–(f).
Color scheme in (a)–(f): Baseline; Baseline+VarDeepPCA
(Ours); Ground Truth. HD95 numbers in (a)–(f) indi-
cate that the examples were representative of the test set,
because the HD95 values were close to the mean HD95
reported in Table 4. NCC numbers in (g)–(l) indicate that
the examples were representative of the test set, because
the NCC values were close to the mean of the NCC reported
in Table 6.

set. This suggests that our model is not just correcting
for large OOD shifts but also filtering minor anatomical
inaccuracies present in the baselines’ ID outputs. While the
corresponding gains in DSC are more modest (since this
metric is less sensitive to the boundary errors that are the
focus of our work), we argue that the substantial improve-
ment in boundary-based metrics brings the segmentations
closer to the ground truth, achieving a level of accuracy
more suitable for clinical applications. Indeed, for the OOD
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datasets of ACDC and ACMRI, the mean HD95 values
after employing the VarDeepPCA plugin reduce from an
average (across all methods; before VarDeepPCA) within
13.2-13.6 to an average (across all methods; after VarDeep-
PCA) within 7.2-8, which is far more clinically acceptable
as per our analysis in Section 4.3. We also present the
quantitative results for the uncertainty calibration metrics,
i.e., the NCC, US, and TACE scores in Table 5. For the
PHISeg, ProbUNet, and HPUNet baselines, incorporating
the VarDeepPCA plugin leads to a significant improvement
of these scores in both ID and OOD datasets.

For qualitative analysis, we selected the three strongest-
performing non-variational baselines for each OOD dataset:
MedSAM, VMUNet, and ResUNet++ for ACDC (OOD);
DSTransUNet, VMUNet, and BASNet for ACMRI (OOD).
As shown in Figure 5 and Figure 6, these baselines often
exhibit common OOD failure modes, such as disconnected
blob-like structures, potentially arising from bias-field and
other artifacts introduced by different acquisition equipment.
We also analyzed all variational baselines. We found that
PHISeg, a large variational model with 99.21M parameters
(Table 8), shows considerable robustness on both ID and
OOD data, which we attribute to its complex multi-scale
architecture. Conversely, ProbUNet and HierProbUNet ar-
chitectures were more sensitive to the domain shift, result-
ing in segmentations with highly uncertain and erroneous
boundaries. However, ProbUNet and HierProbUNet per-
formed reasonably well on the CAP (ID) dataset. Figure 5
and Figure 6 demonstrate that our VarDeepPCA not only
restores segmentation maps to make them more consistent
with the underlying anatomy, but it also produces uncer-
tainty maps that show significantly more localization of
uncertainty (aligned with the geometry of the anatomical
object of interest) and lower overall uncertainty compared
to the variational baselines.

Neuroretinal Rim Segmentation. We trained all
models on the MAGRABI (ID) dataset, and evaluated their
performance on the MAGRABI (ID) test, G1020 (OOD),
and ORIGA (OOD) datasets. On the ID test set, most
baselines yielded competitive HD95 scores (Table 4). Ex-
ceptions included ResUNet++ that is likely constrained
by its limited architectural capacity, and SegAN that likely
suffered from the known instability of adversarial optimiza-
tion. On the OOD datasets, we observed a substantial drop
in DSC values. Notably, this DSC degradation was uni-
form across most baselines. However, the boundary-based
metrics (HD95 and ASD) showed different amounts of per-
formance degradations across baselines. In this context, our
VarDeepPCA helped improve the baselines segmentation
maps, leading to a mean HD95 ≤9 on G1020 and ≤10 on
ORIGA, significantly minimizing boundary errors compared
to the baselines. For this application, we configured the
VarDeepPCA architecture with a latent dimension of K = 8

(a) VMUNet (b) SegAN (c) SegCNN+DAE+TTA+Atlas

(d) PHISeg (e) ProbUNet (f) HierProbUNet

(g) Unc. for (d) PHISeg (h) Unc. for (e) ProbUNet (i) Unc. for (f) HierProbUNet

(j) Unc. for (d)+VarDeepPCA (k) Unc. for (e)+VarDeepPCA (l) Unc. for (f)+VarDeepPCA

Figure 9: Results–Qualitative: Prostate Segmenta-
tion Restoration on HK+I2CVB (OOD) data. (a)–
(c) Results on images for the best non-variational baselines.
(d)–(f) Results on images for the variational baselines.
(g)–(i) Uncertainty maps produced using variational base-
lines. (j)–(l) Uncertainty maps produced using VarDeep-
PCA when plugged into the associated baselines (d)–(f).
Color scheme in (a)–(f): Baseline; Baseline+VarDeepPCA
(Ours); Ground Truth. HD95 numbers in (a)–(f) indi-
cate that the examples were representative of the test set,
because the HD95 values were close to the mean HD95
reported in Table 7. NCC numbers in (g)–(l) indicate that
the examples were representative of the test set, because
the NCC values were close to the mean of the NCC reported
in Table 9.

(refer Section 4.7 for sensitivity analysis). Indeed, for the
OOD datasets of G1020 and ORIGA, the mean HD95 values
after employing the VarDeepPCA plugin reduce from an
average (across all methods; before VarDeepPCA) within
12.6-14.1 to an average (across all methods; after VarDeep-
PCA) within 8.1-8.8, which is far more clinically acceptable
as per our analysis in Section 4.3. We also present the
quantitative results for the uncertainty calibration metrics,
i.e., the NCC, US, and TACE scores in Table 6. For the
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Table 7: Results–Quantitative: Prostate Segmentation. All models were trained on BIDMC+BMC (ID), and
evaluated on HK+I2CVB and RUNMC+UCL (both OOD). For each method-dataset combination, we report mean
(top row) and standard deviation (bottom row, in gray) for DSC(↑), HD95(↓), and ASD(↓). Augmenting each baseline
with our VarDeepPCA consistently improves performance. Bold-font values in the columns indicate a statistically
significant improvement of the Baseline+VarDeepPCA method over the underlying Baseline method, using a one-tailed
paired-sample t-test (p < 0.05).

Models
BIDMC+BMC (ID) HK+I2CVB (OOD) RUNMC+UCL (OOD)

Baseline Baseline + Baseline Baseline + Baseline Baseline +
VarDeepPCA VarDeepPCA VarDeepPCA

DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD

UNet 93.4 7.4 2.5 93.7 4.6 1.9 84.3 26.8 8.4 88.0 7.3 2.9 89.4 11.6 4.0 90.6 6.7 2.6
3.9 13.8 2.4 3.4 2.2 0.9 7.4 23.9 6.2 4.6 2.6 1.1 5.9 13.6 4.1 4.3 2.8 1.0

AttnUNet 93.8 10.7 3.2 93.9 4.7 1.9 86.8 18.6 6.4 89.4 6.7 2.7 91.3 13.8 4.6 91.9 5.8 2.4
2.7 21.1 4.8 2.5 1.9 0.7 9.9 22.6 8.5 4.9 2.9 1.2 4.6 22.2 6.3 3.7 2.5 1.1

ResUNet++ 93.9 5.1 1.9 94.1 4.8 1.9 86.8 11.1 4.0 87.6 7.5 3.1 90.7 8.6 3.2 90.8 6.7 2.7
2.6 3.5 1.0 2.4 2.0 0.8 7.0 11.1 3.1 6.1 3.2 1.5 4.5 8.5 2.3 4.3 2.8 1.2

DeepLabV3+ 91.3 6.4 2.7 91.3 6.1 2.6 82.9 16.5 6.0 86.0 8.2 3.5 88.9 8.3 3.4 89.3 6.7 3.0
3.2 2.6 1.3 3.2 2.4 1.0 13.3 17.6 6.2 6.5 1.2 0.8 4.6 6.4 1.8 4.0 1.8 0.9

BASNet 94.7 6.3 2.0 94.9 4.2 1.6 87.7 22.9 8.0 91.7 5.5 2.3 92.0 11.5 3.9 92.7 5.3 2.2
2.5 12.0 2.5 2.1 1.8 0.7 9.6 27.5 10.0 3.8 2.5 1.1 5.1 19.5 6.1 3.4 2.4 0.9

SegAN 92.9 5.5 2.2 93.1 5.1 2.0 87.6 9.3 3.5 88.1 7.4 3.0 90.6 7.2 2.8 90.8 6.2 2.5
3.2 2.7 1.0 3.1 2.3 0.9 4.7 7.1 2.0 4.4 2.3 1.0 3.9 6.1 1.4 3.8 2.4 1.0

MedSegDiff 90.3 24.5 7.4 92.5 5.5 2.3 79.1 47.5 16.8 86.5 7.9 3.5 72.4 73.2 28.1 88.2 7.9 3.5
5.8 34.6 9.9 3.6 2.4 1.2 11.6 39.7 15.0 4.5 2.1 1.1 12.5 30.1 14.6 3.8 2.2 1.1

DSTransUNet 94.3 6.8 2.2 94.3 4.6 1.9 91.0 10.3 3.8 91.4 6.2 2.5 91.0 12.9 4.4 91.5 6.1 2.6
2.5 10.5 2.0 2.4 2.0 0.8 4.9 14.2 4.9 4.1 3.0 1.3 5.1 17.8 4.9 4.2 2.5 1.2

VMUNet 91.5 5.9 2.6 91.8 5.6 2.4 84.9 8.7 4.1 85.1 8.4 3.9 87.8 7.6 3.5 88.0 7.4 3.5
3.4 2.1 1.0 3.3 2.0 1.0 6.1 2.1 1.2 5.2 1.9 1.1 4.8 2.8 1.3 4.5 2.2 1.2

MedSAM 81.4 13.6 7.0 81.7 7.9 3.7 82.6 11.3 5.4 82.7 7.0 3.5 82.1 11.5 6.2 82.3 8.1 3.6
5.7 4.4 2.5 5.8 3.9 2.5 5.5 3.5 2.2 5.6 2.9 2.1 5.5 4.1 2.4 5.6 3.9 2.4

PHISeg 93.1 5.2 2.1 93.3 5.1 2.1 87.6 7.5 3.2 87.8 7.5 3.3 90.7 6.4 2.8 90.9 6.3 2.8
2.5 1.9 0.8 2.3 1.8 0.7 4.4 2.4 1.2 4.3 2.1 1.1 3.7 2.3 1.1 3.6 2.1 1.0

ProbUNet 91.4 11.3 3.6 91.9 5.8 2.4 83.3 18.7 6.5 85.7 7.9 3.3 86.7 10.9 4.2 88.1 7.7 3.2
3.2 17.8 3.8 2.8 2.0 0.9 7.7 17.3 4.8 4.9 2.3 1.1 5.1 7.9 2.3 4.4 2.3 1.0

HierProbUNet 90.7 8.8 3.5 91.3 6.7 2.7 77.4 29.4 11.3 84.8 7.9 3.7 81.8 26.4 9.6 88.0 7.9 3.3
3.8 7.6 2.3 3.5 2.5 1.1 10.7 13.2 5.6 7.4 2.2 1.4 6.9 12.8 4.8 5.0 2.3 1.3

SegCNN+DAE 92.3 5.3 2.3 92.7 5.2 2.1 87.1 8.9 3.4 88.2 6.9 2.9 89.4 7.3 2.9 89.5 6.8 2.8
+TTA 3.4 2.6 1.1 3.0 2.5 1.1 5.1 7.1 2.6 4.7 2.6 1.6 5.3 4.4 2.1 4.7 4.3 1.6

SegCNN+DAE 93.7 4.7 1.9 93.7 4.7 1.9 88.5 8.0 3.1 89.3 6.7 2.8 90.5 6.8 2.6 90.5 6.6 2.6
+TTA+Atlas 3.0 2.4 0.8 2.9 2.2 0.8 4.7 6.8 2.2 4.2 2.3 1.0 4.9 3.5 1.3 4.6 2.8 1.1

Mean of Baselines 92.0 8.5 3.1 92.3 5.3 2.2 86.1 14.5 5.4 87.7 7.1 3.0 88.5 12.7 4.9 89.7 6.7 2.8
4.7 13.9 3.8 4.4 2.5 1.2 7.3 17.9 6.1 5.4 2.6 1.4 7.1 18.6 6.9 5.1 2.9 1.4

PHISeg, ProbUNet, and HPUNet baselines, incorporating
the VarDeepPCA plugin leads to a significant improvement
of these scores in both ID and OOD datasets.

We compare with the strongest non-variational base-
lines for the G1020 (OOD) as shown in Figure 7, and
the ORIGA (OOD) dataset as shown in Figure 8; these
were AttnUNet, MedSegDiff, and MedSAM (recall that
MedSAM used oracle-prompting that is actually unfair to
other methods). For variational models, PHISeg again
exhibited superior robustness compared to ProbUNet and
HierProbUNet. The figures also show that the per-pixel

uncertainty maps produced by our VarDeepPCA method are
much more aligned with the object anatomy as compared
to those produced by the baselines.

Prostate Segmentation. Table 7 shows that the per-
formance of a few large DNN models (SegAN, VMUNet,
PHISeg) does not degrade much on OOD images with
respect to the HD95 metric. Our VarDeepPCA plugin con-
tinues to deliver consistent improvements, and reduces the
mean HD95 values for all baselines. In cases of severe degra-
dation where baselines had high variance in HD95 values,
e.g., MedSegDiff, our method also reduced the standard
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(a) VMUNet (b) SegAN (c) SegCNN+DAE+TTA+Atlas

(d) PHISeg (e) ProbUNet (f) HierProbUNet

(g) Unc. for (d) PHISeg (h) Unc. for (e) ProbUNet (i) Unc. for (f) HierProbUNet

(j) Unc. for (d)+VarDeepPCA (k) Unc. for (e)+VarDeepPCA (l) Unc. for (f)+VarDeepPCA

Figure 10: Results–Qualitative: Prostate Segmen-
tation Restoration on RUNMC+UCL (OOD) data.
(a)–(c) Results on images for the best non-variational base-
lines. (d)–(f) Results on images for the variational baselines.
(g)–(i) Uncertainty maps produced using variational base-
lines. (j)–(l) Uncertainty maps produced using VarDeep-
PCA when plugged into the associated baselines (d)–(f).
Color scheme in (a)–(f): Baseline; Baseline+VarDeepPCA
(Ours); Ground Truth. HD95 numbers in (a)–(f) indi-
cate that the examples were representative of the test set,
because the HD95 values were close to the mean HD95
reported in Table 7. NCC numbers in (g)–(l) indicate that
the examples were representative of the test set, because
the NCC values were close to the mean of the NCC reported
in Table 9.

deviation, improving the stability of the results. We use a
latent dimension of K = 8 for VarDeepPCA, as justified
in our sensitivity analysis in Section 4.7. Indeed, for the
OOD datasets, the mean HD95 values after employing the
VarDeepPCA plugin reduce from an average (across all
methods; before VarDeepPCA) within 12.7-14.5 to an aver-
age (across all methods; after VarDeepPCA) within 6.7-7.1,
which is far more clinically acceptable as per our analysis in
Section 4.3. We see minor improvements in the uncertainty

calibration metrics from Table 9 for PHISeg, while there
are major improvements for ProbUNet and HPUNet.

For qualitative analysis on OOD data, we selected the
three best-performing non-variational baselines based on
their mean HD95 metrics: (i) for the HK+I2CVB dataset,
these were VMUNet, SegAN, and DSTransUNet (Figure 9);
(ii) for the RUNMC+UCL dataset, these were VMUNet,
SegAN, and DeepLabV3+ (Figure 10). Compared to my-
ocardium segmentation and neuroretinal rim segmentation,
VMUNet performed much better on the prostate dataset
with relatively smaller HD95 values. However, VMUNet
continued to exhibit high variance of the HD95 values.
Our VarDeepPCA, when plugged into VMUNet, not only
reduced the mean HD95 values but, more importantly, re-
duced the variance of the HD95 values significantly. The
analysis of variational models revealed greater instability.
While PHISeg’s multi-scale architecture provided some ro-
bustness to OOD images, ProbUNet and HierProbUNet
showed severe degradation. HierProbUNet, for instance,
performed adequately on ID data but failed on both OOD
datasets. As seen in Figure 9 and Figure 10, the uncertainty
maps from these baselines often exhibited inconsistencies
with the object’s geometry, unlike the uncertainty maps pro-
duced by VarDeepPCA. Our method successfully addressed
both issues, i.e., it improved the object segmentation maps
and also improved the uncertainty maps.

Fetal Head Segmentation. Applying our VarDeep-
PCA framework yields consistent performance gains across
both HC18 (ID) and FetalPlanes (OOD) datasets, with the
improvements being most pronounced in the HD95 metric.
This demonstrates that VarDeepPCA effectively corrects
the boundary errors caused by noise and domain shift. For
these experiments, we use a latent dimension of K = 3
for VarDeepPCA, as justified in our sensitivity analysis in
Section 4.7. We also note that diffusion-based models like
MedSegDiff, and models with boundary-aware loss function
such as BASNet, outperformed the MedSAM foundational
model (even when using oracle prompting) in this appli-
cation. Table 8 shows that despite some baseline models
(e.g., UNet and ResUNet++) achieving good (85%-90%)
DSC scores (overlap based), their HD95 values (boundary
based) are poor (around 40), even on the HC18 (ID) test
set. This stems from the well-known limitation of DSC
in segmenting large near-convex objects. Many baseline
models exhibiting poor mean HD95 scores also showed high
standard deviations (Table 8) in HD95, indicating inconsis-
tent performance across images. In contrast, our method
not only achieves a lower (better) mean HD95 but also
simultaneously reduces the standard deviation, demonstrat-
ing higher accuracy and precision. In all cases, our method
consistently restores degraded segmentation maps towards
valid anatomical geometries. Indeed, for the OOD datasets,
the mean HD95 values after employing the VarDeepPCA
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Table 8: Results–Quantitative: Fetal Head Segmentation. All models were trained on HC18 (ID) and evaluated
on FetalPlanes (OOD). For each method-dataset combination, we report mean (top row) and standard deviation
(bottom row, in gray) for DSC(↑), HD95(↓), and ASD(↓). Augmenting each baseline with our VarDeepPCA consis-
tently improves performance. Bold-font values in the columns indicate a statistically significant improvement of the
Baseline+VarDeepPCA method over the underlying Baseline method, using a one-tailed paired-sample t-test (p < 0.05).

Models
HC18 (ID) FetalPlanes (OOD)

Baseline Baseline +
VarDeepPCA Baseline Baseline +

VarDeepPCA

DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD DSC HD95 ASD

UNet 84.5 48.1 15.0 96.9 5.2 2.2 89.4 38.5 12.1 96.5 5.2 2.4
12.9 10.9 3.9 0.9 1.4 0.6 8.6 18.6 5.8 1.2 1.4 0.8

AttnUNet 96.2 8.4 2.6 97.0 5.2 2.1 93.2 13.6 4.2 96.6 5.1 2.3
6.6 13.0 3.4 0.9 1.3 0.6 8.8 16.0 3.9 1.2 1.4 0.8

ResUNet++ 85.8 41.1 16.2 95.8 6.2 3.0 84.9 42.4 15.6 96.0 5.7 2.8
7.4 15.8 7.1 1.0 1.1 0.8 7.3 14.1 5.7 1.2 1.3 0.9

DeepLabV3+ 95.7 10.5 3.5 96.8 5.4 2.3 94.1 14.3 5.0 96.5 5.5 2.5
3.0 6.7 2.3 1.0 1.3 0.7 2.4 6.6 2.2 1.1 1.3 0.7

BASNet 96.3 5.9 2.1 96.8 5.3 1.9 96.8 5.9 2.4 96.8 5.0 2.3
1.5 8.1 2.3 1.0 1.4 0.6 1.2 4.0 1.1 1.1 1.4 0.8

SegAN 96.1 6.6 2.8 96.8 5.2 2.2 96.1 7.2 3.3 96.5 5.2 2.4
2.3 4.7 1.8 1.0 1.4 0.6 1.5 3.6 1.1 1.1 1.4 0.7

MedSegDiff 96.2 5.3 2.7 97.0 4.9 2.1 96.0 7.2 2.7 96.7 5.0 2.3
1.1 5.6 1.1 0.9 1.4 0.6 7.4 7.7 2.7 1.0 1.4 0.7

DSTransUNet 95.5 7.9 2.5 96.4 5.6 2.5 95.6 8.2 3.1 96.3 5.4 2.5
1.4 3.7 1.0 1.0 1.3 0.6 1.7 3.6 1.1 1.3 1.4 0.8

VMUNet 96.0 6.4 2.4 96.9 5.1 2.2 95.6 8.7 3.4 96.6 5.1 2.3
2.4 6.7 2.2 0.9 1.4 0.6 2.3 6.1 2.0 1.1 1.4 0.7

MedSAM 92.3 13.9 6.4 92.6 10.8 5.7 91.5 13.3 6.6 91.8 10.5 6.1
4.5 7.8 4.0 4.3 5.6 3.6 4.6 7.2 3.9 4.8 5.6 3.9

PHISeg 96.0 5.3 2.1 96.9 5.3 1.7 95.6 7.2 2.9 96.4 5.3 2.4
1.9 3.6 1.3 0.9 1.3 0.6 2.3 3.8 1.3 1.1 1.4 0.7

ProbUNet 95.7 18.6 5.0 95.9 6.5 3.3 93.9 14.1 4.9 94.9 6.6 3.3
2.6 15.3 3.3 1.3 1.2 0.8 4.7 11.2 3.4 1.1 0.9 0.7

HierProbUNet 96.5 11.5 3.8 96.8 5.3 2.2 94.5 14.1 4.9 96.4 5.3 2.4
2.0 7.5 2.3 1.0 1.4 0.7 2.8 7.7 2.2 1.3 1.5 0.8

SegCNN+DAE 96.1 8.9 2.7 96.2 5.3 2.3 95.3 8.5 3.1 96.1 5.7 2.6
+TTA 3.1 10.6 3.3 1.5 1.8 0.9 3.1 6.9 2.3 1.8 1.6 1.1

SegCNN+DAE 96.9 8.6 2.5 96.9 5.1 2.2 95.8 8.0 2.8 96.4 5.2 2.4
+TTA+Atlas 2.9 10.3 2.9 1.1 1.4 0.7 2.8 6.2 1.7 1.3 1.4 0.8

Mean of Baselines 94.8 11.5 4.1 96.4 5.9 2.5 94.2 12.7 4.7 96.0 5.8 2.8
5.7 13.6 4.4 2.2 2.9 1.8 5.5 12.9 4.3 2.4 2.8 1.9

plugin reduce from an average (across all methods; before
VarDeepPCA) within 11.5-12.7 to an average (across all
methods; after VarDeepPCA) within 5.8-5.9, which is far
more clinically acceptable as per our analysis in Section 4.3.
From Table 10, we see that the models ProbUNet and
HPUNet are not well calibrated and do not provide good
uncertainty estimates, whereas, PHISeg is relatively well
calibrated and provides better uncertainty estimates.

For qualitative analysis on the FetalPlanes (OOD) dataset,
we show examples from three best-performing non-variational
baselines: BASNet, SegAN, and MedSegDiff. These base-

lines frequently produce severe mispredictions, with segmen-
tation boundaries extending well beyond the anatomical
boundaries (Figure 11). In contrast, our method success-
fully restores these degraded masks to anatomically valid
geometries, much closer to the ground truth. Regarding
the variational models, PHISeg again performs better than
ProbUNet and HierProbUNet on the OOD dataset, proba-
bly because PHISeg leverages a more sophisticated larger
backbone DNN than UNet. Figure 11 also shows that our
method generates superior uncertainty maps; the uncer-
tainty is suitably localized and respects the geometry of the
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Table 9: Results–Quantitative: Prostate – Measuring Calibration between Per-Pixel Segmentation Uncertainty
and Per-Pixel Segmentation Error. All models were trained on BIDMC+BMC (ID), and evaluated on HK+I2CVB
and RUNMC+UCL (both OOD). For each method-dataset combination, we report the mean (top row) and standard
deviation (bottom row; in gray) for NCC (↑), US (↑), and TACE (↓) metrics. Augmenting each baseline with our
VarDeepPCA shows better calibration. Bold-font values in the columns indicate a statistically significant improvement
of the Baseline+VarDeepPCA method over the underlying Baseline method, using a one-tailed paired-sample t-test (p
< 0.05).

Models
BIDMC+BMC (ID) HK+I2CVB (OOD) RUNMC+UCL (OOD)

Baseline Baseline + Baseline Baseline + Baseline Baseline +
VarDeepPCA VarDeepPCA VarDeepPCA

NCC US TACE NCC US TACE NCC US TACE NCC US TACE NCC US TACE NCC US TACE

PHISeg 0.66 0.76 0.39 0.69 0.82 0.12 0.57 0.63 0.47 0.63 0.69 0.14 0.45 0.66 0.53 0.52 0.73 0.09
0.14 0.04 0.26 0.10 0.04 0.24 0.11 0.03 0.23 0.08 0.04 0.24 0.05 0.04 0.17 0.03 0.04 0.12

ProbUNet 0.45 0.69 0.44 0.54 0.73 0.14 0.40 0.59 0.50 0.45 0.65 0.12 0.51 0.68 0.46 0.55 0.74 0.08
0.08 0.03 0.31 0.08 0.04 0.25 0.06 0.03 0.32 0.06 0.03 0.23 0.03 0.03 0.25 0.02 0.03 0.12

HPUNet 0.51 0.69 0.43 0.61 0.79 0.16 0.54 0.64 0.65 0.59 0.75 0.19 0.47 0.65 0.46 0.56 0.74 0.12
0.09 0.03 0.29 0.08 0.03 0.24 0.07 0.03 0.25 0.06 0.02 0.18 0.04 0.04 0.22 0.03 0.03 0.15

fetal head, unlike the more diffuse or inaccurate uncertainty
maps from the other variational baselines.

4.7 Sensitivity Analysis

We evaluated the sensitivity of our VarDeepPCA plugin to
the choice of the latent dimension K and the training set
size S. We selected VMUNet and PHISeg as the baselines
specifically because our earlier experiments demonstrated
their relative robustness to OOD data in all of the appli-
cations. We also selected UNet as an early DNN method.
We report our analysis on a pooled test set comprising the
ID test set and one representative OOD dataset for each
application.

Changing Latent Dimension K Within VarDeep-
PCA. We trained different versions of VarDeepPCA (train-

ing set size S = 150) across a range of K values for each
application. For myocardium segmentation on CAP (ID)
and ACDC (OOD) datasets, the baselines yielded a median
HD95 of approximately 10. Our VarDeepPCA models with
K ∈ {12, 16, 20} consistently reduced this to a mean of
5–6, as shown in Figure 12(a). We find the performance
to be relatively insensitive to to small changes in K. We
observed similar trends for all other datasets, i.e., for the
neuroretinal rim segmentation on MAGRABI (ID) + ORIGA
(OOD) datasets (Figure 12(b)), for prostate segmentation
on BIDMC+BMC (ID) + HK+I2CVB (OOD) datasets
(Figure 12(c)) for fetal head segmentation on HC18 (ID) +
FetalPlanes (OOD) datasets (Figure 12(d)). Across all ap-
plications and all tested latent dimensions, our VarDeepPCA
plugin consistently improved the baseline segmentations,
demonstrating significant robustness regardless of the spe-

Table 10: Results–Quantitative: Fetal Head – Measuring Calibration between Per-Pixel Segmentation
Uncertainty and Per-Pixel Segmentation Error. All models were trained on HC18 (ID), and evaluated on FetalPlanes
(OOD). For each method-dataset combination, we report the mean (top row) and standard deviation (bottom row;
in gray) for NCC (↑), US (↑), and TACE (↓) metrics. Augmenting each baseline with our VarDeepPCA shows better
calibration. Bold-font values in the columns indicate a statistically significant improvement of the Baseline+VarDeepPCA
method over the underlying Baseline method, using a one-tailed paired-sample t-test (p < 0.05).

Models
HC18 (ID) FetalPlanes (OOD)

Baseline Baseline + Baseline Baseline +
VarDeepPCA VarDeepPCA

NCC US TACE NCC US TACE NCC US TACE NCC US TACE

PHISeg 0.67 0.69 0.34 0.73 0.75 0.14 0.49 0.71 0.45 0.55 0.78 0.08
0.06 0.03 0.04 0.03 0.03 0.03 0.05 0.02 0.05 0.04 0.00 0.04

ProbUNet 0.54 0.72 0.37 0.68 0.82 0.15 0.34 0.65 0.44 0.45 0.75 0.11
0.05 0.03 0.08 0.03 0.04 0.04 0.07 0.02 0.03 0.05 0.01 0.03

HPUNet 0.46 0.71 0.41 0.54 0.77 0.25 0.35 0.65 0.46 0.53 0.74 0.14
0.06 0.02 0.04 0.03 0.03 0.03 0.06 0.01 0.04 0.05 0.00 0.03
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(a) BASNet (b) SegAN (c) MedSegDiff

(d) PHISeg (e) ProbUNet (f) HierProbUNet

(g) Unc. for (d) PHISeg (h) Unc. for (e) ProbUNet (i) Unc. for (f) HierProbUNet

(j) Unc. for (d)+VarDeepPCA (k) Unc. for (e)+VarDeepPCA (l) Unc. for (f)+VarDeepPCA

Figure 11: Results–Qualitative: Fetal Head Segmen-
tation Restoration on FetalPlanes (OOD) data. (a)–
(c) Results on images for the best non-variational baselines.
(d)–(f) Results on images for the variational baselines.
(g)–(i) Uncertainty maps produced using variational base-
lines. (j)–(l) Uncertainty maps produced using VarDeep-
PCA when plugged into the associated baselines (d)–(f).
Color scheme in (a)–(f): Baseline; Baseline+VarDeepPCA
(Ours); Ground Truth. HD95 numbers in (a)–(f) indi-
cate that the examples were representative of the test set,
because the HD95 values were close to the mean HD95
reported in Table 8. NCC numbers in (g)–(l) indicate that
the examples were representative of the test set, because
the NCC values were close to the mean of the NCC reported
in Table 10.

cific K value chosen.
Changing Size of Training Set S. To analyze sen-

sitivity to training-data availability, we used training sets
of three sizes: S100, S150, and S200. We designed them to
be nested such that S100 ⊂ S150 ⊂ S200. The baselines
(UNet, VMUNet, PHISeg) were trained on each subset
and evaluated on the pooled ID and OOD test set (Fig-
ure 12(e)–(h)). Across all applications and datasets, we find
the performances of the methods to be quite insensitive to

(a) Myocardium (e) Myocardium

(b) Neuroretinal Rim (f) Neuroretinal Rim

(c) Prostate (g) Prostate

(d) Fetal Head (h) Fetal Head

Figure 12: Sensitivity of Results to Choice of Latent
Dimension K and Training Set Size S. We pooled results
using three baselines (UNet, VMUNet, PHISeg) and their
corresponding versions with VarDeepPCA plugged in. (a)–
(d) Boxplots of HD95 values for varying latent dimension
K. (e)–(h) Boxplots of HD95 values for varying training-
set sample size S. HD95 values on pooled ID and OOD
test sets for: (a,e) Myocardium (CAP + ACDC); (b,f)
Neuroretinal Rim (MAGRABI + G1020); (c,g) Prostate
(BIDMC+BMC + HK+I2CVB); (d,h) Fetal Head (HC18
+ FetalPlanes).

small changes in S. Moreover, across all training-set sample
sizes, our plugin consistently and significantly improved over
the baselines.

5. Conclusion

We have presented VarDeepPCA, a novel framework de-
signed to restore degraded segmentation masks produced
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by existing DNNs on OOD images. By explicitly learning
the principal modes of anatomical geometric variation from
a small ID dataset of segmentation maps, our framework
neither requires access to any OOD data nor to any medi-
cal/acquired image. Our novel variational learning frame-
work leverages a reinterpretation of the softmax mapping to
implicitly perform exact distribution modeling, thereby en-
abling computationally efficient, sampling-free learning and
inference. Our framework is characterized by a lightweight
architecture (ranging from 1.02M to 2.72M parameters
depending on K), modality independence, and the ability
to generate reliable/geometrically-consistent uncertainty
estimates. Extensive empirical validation across 14 publicly
available datasets and 15 DNN segmenters confirms that
when VarDeepPCA is plugged in to existing DNN methods,
it consistently improves existing methods in OOD object
segmentation as well as uncertainty estimation. Indeed,
the VarDeepPCA plugin may also be extended to improve
poor OOD-image segmentations resulting from traditional
non-DNN methods. While some of the baselines exhibit
robustness sporadically on specific datasets, our framework
provides a much more reliable and consistent improvement
in terms of boundary-delineation accuracy and the plausi-
bility of anatomical geometry.

We acknowledge a few constraints of our framework.
First, the method relies on consistency of geometry of the
anatomical objects of interest; therefore, it is inherently un-
suitable for segmenting pathologies with highly non-uniform
or amorphous/unpredictable geometries, e.g., lesions and
tumors. Second, if a segmentation map (input to VarDeep-
PCA) lies within the learned distribution of valid geometries
but is still incorrect, then VarDeepPCA would be unable to
improve the segmentation. Finally, in scenarios where the
error in the segmentation produced by an existing method
is extremely large, then our (or any such other) frame-
work may be unable to restore the correct segmentation.
Nevertheless, even in such cases, VarDeepPCA succeeds
in projecting the segmentation map to one with a valid
anatomical geometry. Future work may include extensions
of VarDeepPCA to multi-class segmentation problems in 2D
and 3D images. Future work may also explore the impact
of patient demographics and clinical metadata on model
generalization and uncertainty.
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samen, K. Dätwyler, R. Meier, P. Radojewski, G. K. Mu-
rugesan, S. Nalawade, C. Ganesh, B. Wagner, F. F. Yu,
B. Fei, A. J. Madhuranthakam, J. A. Maldjian, L. Daza,
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