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Introduction and Motivation

(a) Cardiac MRI (b) Retinal Images (c) Prostate MRI (d) Fetal Ultrasound

DNNs suffer significant degradations when applied to out-of-distribution (OOD) data.
OOD images are same anatomical objects that are present in our training/in-dist (ID) data but
acquired from different hospitals/scanners - leading to distribution shifts.

Our novel VarDeepPCA, a small, lightweight framework corrects degraded o/p of existing DNNs
on OOD data by leveraging priors on the inherent geometry of the object of interest which
remains highly invariant to the aforementioned OOD variations.
The low-dimensional distribution of valid anatomical geometry serves as a powerful prior to
rectify the erroneous segmentation produced by existing DNNs on OOD images.
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Introduction and Motivation
Unlike learning from target-domain data or extreme
pretraining, our VarDeepPCA explicitly learns a distribution of
valid anatomical geometries using small ID datasets (∼ 150
samples) — also giving uncertainty estimates.
Myocardial segmentation in short-axis cardiac MRI is
essential for estimating contractility and tissue strain — which
aids in diagnosing infraction, ischemia and ventricular
dyssynchrony.

In ophthalmology, the optic disc and cup segmentation from
the retinal scans, i.e., the neuroretinal rim enables the
calculation of the cup-to-disc ratio — a key biomarker for
monitoring glaucoma.
Prostate segmentation in T2-weighted MRI is pivotal for
diagnosis, staging and treatment planning of prostate cancer.
Fetal head segmentation in ultrasound images facilitates the
measurement of geometric parameters to assess fetal growth
and detect developmental anomalies.
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Methodology: VarDeepPCA and the reinterpretation of Softmax
X := medical image; Y := ground truth segmentation
map; Φ(·) := existing DNN segmenter; Z̃ := Φ(X̃)
anatomically implausible segmentation.
Correct Z̃ by training a lightweight encoder decoder
model (VarDeepPCA) on the same segmentation maps
that were used to train Φ(·), and without access to any
intensity images.

VarDeepPCA’s encoder maps the input Y segmentation
map to F := E(Y ; θE).
We hypothesize the variability of a given segmentation
map can be captured by K principal (non-linear) modes
of variation, i.e., C = 1k, given by P (C|Y ).
A segmentation map lies in a K− 1 dimensional simplex.
[P (C = 11|Y ), . . . , P (C = 1K |Y )] defines the
association of Y with each of the K modes.
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Methodology: VarDeepPCA and the reinterpretation of Softmax

VarDeepPCA reinterprets the softmax mapping in a variational setup P (C|Y ) ≡ Softmax(F ).
We model P (C|F ) as the posterior-predictive distribution on C arising from:

Categorical-distribution likelihood P (C|·) on the modes of variation indicated by C, and
A Dirichlet-distribution (conjugate) prior P (·|F ).

Consider a random vector A having elements, Ak := exp(Fk) > 0 ∀ 1 ≤ k ≤ K.
A parameterizes a Dirichlet distribution Dir(B; A) of a hidden random vector B residing on the
(K − 1)-dimensional simplex.
Y → F → A is deterministic, hence 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))).
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Methodology: VarDeepPCA and the reinterpretation of Softmax
Consider a categorical distribution Cat(C; B) on one-hot vectors C, parameterized by the hidden
random vector B that is sampled from 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.
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Methodology: VarDeepPCA and the reinterpretation of Softmax
This yields

P (C|A) = 1
η(A)

∫
b

∏
k

(bk)Ck+Ak−1db =
η(A + C)

η(A)
=

∏
k

Γ(Ak + Ck)/Γ
(∑

k
(Ak + Ck)

)∏
k

Γ(Ak)/Γ(
∑

k
Ak)

.

(4)

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)
=

AkΓ(Ak)
∏

j ̸=k
Γ(Aj)∏

j
Γ(Aj)

·
Γ(

∑
j

Aj)
(
∑

j
Aj)Γ(

∑
j

Aj)

= Ak∑K

j=1 Aj

=
exp(Fk)∑K

j=1 exp(Fj)
(5)

Softmax mapping F → P (C|Y ) is deterministic, it subsumes variational modeling by defining
prior and the likelihood distribution, i.e., P (B| exp(F )) ≡ P (B|A) and P (C|B).
Marginalizes out the random variable B via Bayesian inference to produce the analytically exact
posterior predictive distribution P (C|F ) in closed form.
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Methodology: VarDeepPCA and the reinterpretation of Softmax

For a given input Y , the latent distribution P (C|Y ) is produced by variational modeling by
implicitly modeling the Categorical 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:
map input Y to F ← E(Y ; θE) and then map F to A← exp(F )
sample b ∼ Dir(B; A) and then sample c ∼ Cat(C; b)

The mean and variance are available analytically in closed form for the posterior predictive
categorical distribution P (C|Y ):

Cmean := EP (C|Y ;θE )[C] = [P (C = 11|Y ), . . . , P (C = 1K |Y )] = Softmax(E(Y ; θE)) (6)
Cvar

k := Cmean
k (1− Cmean

k ). (7)

11 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Methodology: VarDeepPCA and the reinterpretation of Softmax

For a given input Y , the latent distribution P (C|Y ) is produced by variational modeling by
implicitly modeling the Categorical 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:

map input Y to F ← E(Y ; θE) and then map F to A← exp(F )
sample b ∼ Dir(B; A) and then sample c ∼ Cat(C; b)

The mean and variance are available analytically in closed form for the posterior predictive
categorical distribution P (C|Y ):

Cmean := EP (C|Y ;θE )[C] = [P (C = 11|Y ), . . . , P (C = 1K |Y )] = Softmax(E(Y ; θE)) (6)
Cvar

k := Cmean
k (1− Cmean

k ). (7)

11 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Methodology: Learning formulation and Uncertainty Estimation
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 (8)

Vi :=
K∑

k=1

Cvar
k

(
∂Di(L)

∂Lk

∣∣∣∣
L:=Cmean=Softmax(E(Y ;θE ))

)2

. (9)

We formulate the variational learning objective to maximize, over parameters θ:

arg max
θ

N∏
n=1

N (Yn; M(Yn; θ), V (Yn; θ)) ≡ (10)

arg min
θ

N∑
n=1

I∑
i=1

(Yni − Mi(Yn; θ))2

Vi(Yn; θ) + ϵ
+ log(Vi(Yn; θ) + ϵ), (11)

Despite modelling (i) a latent distribution P (C|Y ) and (ii) distributions P (C|B) and P (B|Y )
implicitly within the softmax parameterization, VarDeepPCA eliminates the need for Monte Carlo
sampling and the associated reparameterization.
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Methodology: Reviving poor segmentation map using VarDeepPCA

We propose a novel two-stage algorithm for restoring the poor segmentation maps Z̃.
In the first stage, we pass Z̃ through the encoder-decoder of VarDeepPCA to “filter” out the
non-principal components of variability from Z̃, producing the “filtered” segmentation map
Z := D(Softmax(E(Z̃; θE)); θD).

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 maxF N (Z; M(F ; θD), V (F ; θD)) using gradient ascent, and
(iii) obtaining the restored segmentation M∗ := D(Softmax(F ∗); θD) with the associated
per-pixel uncertainties given by U∗

i :=
√

V ∗
i .

13 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Methodology: Reviving poor segmentation map using VarDeepPCA

We propose a novel two-stage algorithm for restoring the poor segmentation maps Z̃.
In the first stage, we pass Z̃ through the encoder-decoder of VarDeepPCA to “filter” out the
non-principal components of variability from Z̃, producing the “filtered” segmentation map
Z := D(Softmax(E(Z̃; θE)); θD).
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 maxF N (Z; M(F ; θD), V (F ; θD)) using gradient ascent, and
(iii) obtaining the restored segmentation M∗ := D(Softmax(F ∗); θD) with the associated
per-pixel uncertainties given by U∗

i :=
√

V ∗
i .

13 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Agenda

1 Introduction and Motivation

2 Methodology - VarDeepPCA

3 Results with Sensitivity Analysis

4 Conclusion and Future Work

14 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Datasets and Data augmentations
Application ID Dataset ID ID ID OOD Dataset 1 OOD Dataset 2
(Modality) Train Val Test (Test Size) (Test Size)

Myocardium
(MRI)

CAP [1–3] 150 70 634 ACDC [4]
(220 samples)

ACMRI [5]
(1722 samples)

Neuroretinal
Rim (Fundus)

Magrabi [6] 150 63 620 ORIGA [7]
(637 samples)

G1020 [8]
(788 samples)

Prostate
(MRI)

BIDMC+BMC [9–11] 150 18 213 HK+I2CVB [9, 12]
(366 samples)

RUNMC+UCL [10, 11, 9]
(348 samples)

Fetal Head
(Ultrasound)

HC18 [13] 150 68 666 FetalPlanes [14]
(1250 samples)

–

Even with 150 samples, early DNNs like UNet are generalizing well to ID test set, having ∼90%
Dice Coefficient and HD95<6.
Fundamental limitation of DNNs — not generalizing to OOD datasets of the same anatomy.

Data augmentation: applied across all models to enhance generalization and mitigate overfitting.
Geometric Transforms: Synchronous horizontal/vertical flips and affine transforms (rotation,
scaling, translation) applied to images and segmentation maps.
Pixel-Level Transforms: Random brightness-contrast adjustments, random gamma, and blur
applied to input images.
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Results (Quantitative): Myocardium Segmentation
CAP (ID) ACDC (OOD) ACMRI (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓

UNet 89.6 ± 3.7 6.2 ± 9.6 2.3 ± 1.8 90.0 ± 3.4 3.8 ± 1.3 1.5 ± 0.5 73.5 ± 11.6 28.6 ± 19.0 7.7 ± 4.3 76.8 ± 9.9 7.2 ± 3.7 2.9 ± 1.2 75.2 ± 11.4 26.0 ± 20.1 7.9 ± 5.3 80.4 ± 8.1 8.1 ± 3.5 3.6 ± 1.8
AttnUNet 90.9 ± 3.1 3.6 ± 1.9 1.5 ± 0.8 90.9 ± 3.0 3.5 ± 1.3 1.4 ± 0.5 78.4 ± 10.9 15.3 ± 14.5 4.3 ± 3.0 79.4 ± 9.1 6.1 ± 3.0 2.6 ± 1.1 75.5 ± 10.0 17.7 ± 14.1 5.6 ± 3.3 78.6 ± 8.5 8.2 ± 3.3 3.4 ± 1.5
ResUNet++ 89.1 ± 3.6 4.2 ± 2.5 1.6 ± 0.7 89.7 ± 3.5 3.8 ± 1.3 1.5 ± 0.5 77.1 ± 8.5 9.3 ± 6.5 2.9 ± 1.3 77.4 ± 8.8 7.3 ± 3.5 2.8 ± 1.1 78.2 ± 7.8 11.8 ± 9.4 4.1 ± 2.2 79.6 ± 7.4 8.5 ± 3.1 3.5 ± 1.3
DeepLabV3+ 88.4 ± 3.9 4.4 ± 1.9 1.8 ± 0.6 88.8 ± 3.9 4.1 ± 1.2 1.7 ± 0.5 70.1 ± 12.9 13.6 ± 9.0 5.1 ± 2.6 70.5 ± 13.6 9.8 ± 4.4 4.1 ± 1.7 69.9 ± 10.5 11.8 ± 7.4 4.5 ± 2.0 71.3 ± 10.4 9.3 ± 2.8 3.9 ± 1.1
BASNet 91.3 ± 2.9 3.2 ± 1.2 1.4 ± 0.6 91.4 ± 3.0 3.1 ± 1.2 1.3 ± 0.4 80.2 ± 8.5 10.0 ± 14.0 3.5 ± 2.9 80.2 ± 8.1 5.6 ± 1.8 2.5 ± 0.9 81.1 ± 7.7 9.1 ± 9.4 3.4 ± 2.1 81.2 ± 7.7 7.2 ± 2.8 3.1 ± 1.3
SegAN 91.6 ± 3.5 3.3 ± 1.4 1.3 ± 0.5 91.7 ± 3.5 3.2 ± 1.3 1.3 ± 0.5 72.3 ± 12.7 11.7 ± 8.8 4.3 ± 2.4 72.7 ± 12.8 8.3 ± 3.2 3.6 ± 1.3 71.0 ± 13.3 10.9 ± 8.3 4.0 ± 1.9 72.3 ± 12.7 8.5 ± 3.1 3.4 ± 1.2
MedSegDiff 87.1 ± 7.3 4.3 ± 1.6 1.9 ± 0.7 88.1 ± 4.4 4.2 ± 1.3 1.9 ± 0.6 69.7 ± 10.0 12.2 ± 8.7 4.7 ± 2.3 71.0 ± 10.1 8.9 ± 2.8 4.1 ± 1.5 71.7 ± 12.1 11.5 ± 8.4 4.7 ± 2.3 73.0 ± 11.3 9.5 ± 3.0 4.3 ± 1.6
DSTransUNet 91.5 ± 3.0 3.5 ± 3.8 1.3 ± 0.9 91.8 ± 2.8 3.0 ± 1.2 1.2 ± 0.5 77.6 ± 9.8 11.6 ± 10.2 3.8 ± 2.5 79.2 ± 9.0 6.7 ± 3.5 2.7 ± 1.2 81.0 ± 8.6 8.3 ± 6.0 3.2 ± 1.7 81.8 ± 7.9 7.4 ± 3.7 3.2 ± 1.7
VMUNet 90.4 ± 2.9 3.5 ± 1.2 1.4 ± 0.5 90.6 ± 2.9 3.4 ± 1.2 1.4 ± 0.5 77.9 ± 10.4 9.2 ± 9.2 3.2 ± 2.4 78.0 ± 10.2 6.9 ± 3.3 2.8 ± 1.1 78.2 ± 10.4 8.3 ± 4.8 3.1 ± 1.4 78.3 ± 10.5 7.9 ± 3.8 3.1 ± 1.3
MedSAM 62.9 ± 13.6 10.4 ± 3.7 4.1 ± 1.4 68.6 ± 13.1 6.5 ± 3.1 3.8 ± 1.5 60.0 ± 21.5 9.5 ± 4.9 3.1 ± 1.2 63.3 ± 20.6 6.3 ± 4.1 2.3 ± 0.2 71.3 ± 15.8 8.8 ± 3.4 3.3 ± 0.9 74.1 ± 14.0 6.2 ± 3.1 2.1 ± 0.3
PHISeg 88.9 ± 4.2 3.9 ± 1.6 1.6 ± 0.6 88.9 ± 4.2 3.9 ± 1.4 1.5 ± 0.6 74.6 ± 14.2 7.3 ± 4.2 2.9 ± 1.2 74.8 ± 14.3 6.7 ± 3.0 2.9 ± 1.1 72.9 ± 11.1 8.7 ± 3.6 3.2 ± 1.0 73.0 ± 10.9 8.3 ± 3.0 3.2 ± 1.0
ProbUNet 89.3 ± 3.9 4.4 ± 3.2 1.8 ± 1.0 90.1 ± 3.6 3.6 ± 1.3 1.5 ± 0.5 74.3 ± 10.8 21.5 ± 17.0 6.1 ± 3.9 78.1 ± 9.5 6.4 ± 3.0 2.6 ± 0.9 73.4 ± 10.4 21.3 ± 15.0 6.4 ± 3.7 77.9 ± 8.8 7.6 ± 2.8 3.2 ± 1.5
HierProbUNet 86.7 ± 4.9 6.2 ± 5.4 2.3 ± 1.4 89.2 ± 4.0 3.9 ± 1.4 1.6 ± 0.5 60.4 ± 9.1 39.1 ± 15.4 12.0 ± 4.5 70.0 ± 8.2 9.4 ± 2.9 3.5 ± 1.2 71.0 ± 9.6 25.7 ± 14.1 7.8 ± 3.4 76.6 ± 8.6 8.8 ± 3.0 3.7 ± 1.5
SegCNN+DAE+TTA 90.1 ± 3.2 3.8 ± 1.4 1.7 ± 0.5 90.2 ± 3.2 3.7 ± 1.4 1.6 ± 0.4 78.2 ± 10.1 8.3 ± 7.5 3.2 ± 2.2 79.7 ± 9.7 5.9 ± 2.8 2.2 ± 1.3 79.3 ± 9.8 10.3 ± 9.4 3.7 ± 2.8 80.4 ± 9.1 7.8 ± 3.5 2.7 ± 2.1
SegCNN+TTA+Atlas 90.6 ± 3.2 3.6 ± 1.3 1.4 ± 0.4 90.6 ± 3.2 3.6 ± 1.3 1.4 ± 0.4 79.7 ± 9.8 7.3 ± 7.4 2.8 ± 1.9 80.6 ± 9.5 5.8 ± 2.6 2.1 ± 1.1 80.4 ± 9.0 9.3 ± 8.9 3.4 ± 2.5 81.9 ± 8.7 7.5 ± 3.3 2.6 ± 1.9

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

Results are presented as mean ± standard deviation of the respective metrics.
Statistically significant improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
VarDeepPCA results are either as good or better than the baselines; Baseline improvements: 8/15
for CAP (ID), 10/15 for ACDC (OOD), and 12/15 for ACMRI (OOD).
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Results (Quantitative): Myocardium Segmentation
CAP (ID) ACDC (OOD) ACMRI (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓

UNet 89.6 ± 3.7 6.2 ± 9.6 2.3 ± 1.8 90.0 ± 3.4 3.8 ± 1.3 1.5 ± 0.5 73.5 ± 11.6 28.6 ± 19.0 7.7 ± 4.3 76.8 ± 9.9 7.2 ± 3.7 2.9 ± 1.2 75.2 ± 11.4 26.0 ± 20.1 7.9 ± 5.3 80.4 ± 8.1 8.1 ± 3.5 3.6 ± 1.8
AttnUNet 90.9 ± 3.1 3.6 ± 1.9 1.5 ± 0.8 90.9 ± 3.0 3.5 ± 1.3 1.4 ± 0.5 78.4 ± 10.9 15.3 ± 14.5 4.3 ± 3.0 79.4 ± 9.1 6.1 ± 3.0 2.6 ± 1.1 75.5 ± 10.0 17.7 ± 14.1 5.6 ± 3.3 78.6 ± 8.5 8.2 ± 3.3 3.4 ± 1.5
ResUNet++ 89.1 ± 3.6 4.2 ± 2.5 1.6 ± 0.7 89.7 ± 3.5 3.8 ± 1.3 1.5 ± 0.5 77.1 ± 8.5 9.3 ± 6.5 2.9 ± 1.3 77.4 ± 8.8 7.3 ± 3.5 2.8 ± 1.1 78.2 ± 7.8 11.8 ± 9.4 4.1 ± 2.2 79.6 ± 7.4 8.5 ± 3.1 3.5 ± 1.3
DeepLabV3+ 88.4 ± 3.9 4.4 ± 1.9 1.8 ± 0.6 88.8 ± 3.9 4.1 ± 1.2 1.7 ± 0.5 70.1 ± 12.9 13.6 ± 9.0 5.1 ± 2.6 70.5 ± 13.6 9.8 ± 4.4 4.1 ± 1.7 69.9 ± 10.5 11.8 ± 7.4 4.5 ± 2.0 71.3 ± 10.4 9.3 ± 2.8 3.9 ± 1.1
BASNet 91.3 ± 2.9 3.2 ± 1.2 1.4 ± 0.6 91.4 ± 3.0 3.1 ± 1.2 1.3 ± 0.4 80.2 ± 8.5 10.0 ± 14.0 3.5 ± 2.9 80.2 ± 8.1 5.6 ± 1.8 2.5 ± 0.9 81.1 ± 7.7 9.1 ± 9.4 3.4 ± 2.1 81.2 ± 7.7 7.2 ± 2.8 3.1 ± 1.3
SegAN 91.6 ± 3.5 3.3 ± 1.4 1.3 ± 0.5 91.7 ± 3.5 3.2 ± 1.3 1.3 ± 0.5 72.3 ± 12.7 11.7 ± 8.8 4.3 ± 2.4 72.7 ± 12.8 8.3 ± 3.2 3.6 ± 1.3 71.0 ± 13.3 10.9 ± 8.3 4.0 ± 1.9 72.3 ± 12.7 8.5 ± 3.1 3.4 ± 1.2
MedSegDiff 87.1 ± 7.3 4.3 ± 1.6 1.9 ± 0.7 88.1 ± 4.4 4.2 ± 1.3 1.9 ± 0.6 69.7 ± 10.0 12.2 ± 8.7 4.7 ± 2.3 71.0 ± 10.1 8.9 ± 2.8 4.1 ± 1.5 71.7 ± 12.1 11.5 ± 8.4 4.7 ± 2.3 73.0 ± 11.3 9.5 ± 3.0 4.3 ± 1.6
DSTransUNet 91.5 ± 3.0 3.5 ± 3.8 1.3 ± 0.9 91.8 ± 2.8 3.0 ± 1.2 1.2 ± 0.5 77.6 ± 9.8 11.6 ± 10.2 3.8 ± 2.5 79.2 ± 9.0 6.7 ± 3.5 2.7 ± 1.2 81.0 ± 8.6 8.3 ± 6.0 3.2 ± 1.7 81.8 ± 7.9 7.4 ± 3.7 3.2 ± 1.7
VMUNet 90.4 ± 2.9 3.5 ± 1.2 1.4 ± 0.5 90.6 ± 2.9 3.4 ± 1.2 1.4 ± 0.5 77.9 ± 10.4 9.2 ± 9.2 3.2 ± 2.4 78.0 ± 10.2 6.9 ± 3.3 2.8 ± 1.1 78.2 ± 10.4 8.3 ± 4.8 3.1 ± 1.4 78.3 ± 10.5 7.9 ± 3.8 3.1 ± 1.3
MedSAM 62.9 ± 13.6 10.4 ± 3.7 4.1 ± 1.4 68.6 ± 13.1 6.5 ± 3.1 3.8 ± 1.5 60.0 ± 21.5 9.5 ± 4.9 3.1 ± 1.2 63.3 ± 20.6 6.3 ± 4.1 2.3 ± 0.2 71.3 ± 15.8 8.8 ± 3.4 3.3 ± 0.9 74.1 ± 14.0 6.2 ± 3.1 2.1 ± 0.3
PHISeg 88.9 ± 4.2 3.9 ± 1.6 1.6 ± 0.6 88.9 ± 4.2 3.9 ± 1.4 1.5 ± 0.6 74.6 ± 14.2 7.3 ± 4.2 2.9 ± 1.2 74.8 ± 14.3 6.7 ± 3.0 2.9 ± 1.1 72.9 ± 11.1 8.7 ± 3.6 3.2 ± 1.0 73.0 ± 10.9 8.3 ± 3.0 3.2 ± 1.0
ProbUNet 89.3 ± 3.9 4.4 ± 3.2 1.8 ± 1.0 90.1 ± 3.6 3.6 ± 1.3 1.5 ± 0.5 74.3 ± 10.8 21.5 ± 17.0 6.1 ± 3.9 78.1 ± 9.5 6.4 ± 3.0 2.6 ± 0.9 73.4 ± 10.4 21.3 ± 15.0 6.4 ± 3.7 77.9 ± 8.8 7.6 ± 2.8 3.2 ± 1.5
HierProbUNet 86.7 ± 4.9 6.2 ± 5.4 2.3 ± 1.4 89.2 ± 4.0 3.9 ± 1.4 1.6 ± 0.5 60.4 ± 9.1 39.1 ± 15.4 12.0 ± 4.5 70.0 ± 8.2 9.4 ± 2.9 3.5 ± 1.2 71.0 ± 9.6 25.7 ± 14.1 7.8 ± 3.4 76.6 ± 8.6 8.8 ± 3.0 3.7 ± 1.5
SegCNN+DAE+TTA 90.1 ± 3.2 3.8 ± 1.4 1.7 ± 0.5 90.2 ± 3.2 3.7 ± 1.4 1.6 ± 0.4 78.2 ± 10.1 8.3 ± 7.5 3.2 ± 2.2 79.7 ± 9.7 5.9 ± 2.8 2.2 ± 1.3 79.3 ± 9.8 10.3 ± 9.4 3.7 ± 2.8 80.4 ± 9.1 7.8 ± 3.5 2.7 ± 2.1
SegCNN+TTA+Atlas 90.6 ± 3.2 3.6 ± 1.3 1.4 ± 0.4 90.6 ± 3.2 3.6 ± 1.3 1.4 ± 0.4 79.7 ± 9.8 7.3 ± 7.4 2.8 ± 1.9 80.6 ± 9.5 5.8 ± 2.6 2.1 ± 1.1 80.4 ± 9.0 9.3 ± 8.9 3.4 ± 2.5 81.9 ± 8.7 7.5 ± 3.3 2.6 ± 1.9

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

Results are presented as mean ± standard deviation of the respective metrics.
Statistically significant improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
VarDeepPCA results are either as good or better than the baselines; Baseline improvements: 8/15
for CAP (ID), 10/15 for ACDC (OOD), and 12/15 for ACMRI (OOD).

16 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Results (Qualitative): Myocardium Segmentation
Top three baselines on
respective OOD dataset based
on HD95 performance are
selected for comparison.
Segmentation maps produced
by variational/probabilistic
baselines, i.e., PHISeg,
ProbUNet and HierProbUNet
are shown along with their
HD95 values.
Normalized cross correlation
between the error maps and
the uncertainty maps are
presented, showing
VarDeepPCA improves
uncertainty calibration over
probabilistic baselines.

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

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

(g) Unc: (d) PHISeg (h) Unc: (e) ProbUNet (i) Unc: (f) HPUNet

(j) Unc: (d)+Ours (k) Unc: (e)+Ours (l) Unc: (f)+Ours

ACDC (OOD Test Set)

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

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

(g) Unc: (d) PHISeg (h) Unc: (e) ProbUNet (i) Unc: (f) HPUNet

(j) Unc: (d)+Ours (k) Unc: (e)+Ours (l) Unc: (f)+Ours

ACMRI (OOD Test Set)
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Results (Quantitative): Myocardium Uncertainty Quantification
CAP (ID) ACDC (OOD) ACMRI (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓

PHISeg .53 ± .04 .83 ± .03 .23 ± .05 .58 ± .03 .85 ± .02 .18 ± .03 .41 ± .05 .73 ± .08 .35 ± .08 .48 ± .05 .88 ± .07 .16 ± .03 .52 ± .04 .75 ± .07 .32 ± .06 .56 ± .05 .85 ± .06 .10 ± .02

ProbUNet .34 ± .06 .75 ± .01 .29 ± .06 .50 ± .03 .91 ± .01 .19 ± .03 .23 ± .05 .63 ± .04 .31 ± .12 .46 ± .04 .89 ± .04 .21 ± .03 .33 ± .08 .73 ± .04 .34 ± .10 .45 ± .04 .87 ± .05 .12 ± .02

HPUNet .45 ± .03 .73 ± .02 .18 ± .07 .50 ± .03 .85 ± .02 .10 ± .03 .34 ± .04 .61 ± .04 .49 ± .07 .43 ± .05 .75 ± .04 .26 ± .02 .42 ± .05 .57 ± .05 .31 ± .09 .47 ± .04 .82 ± .04 .19 ± .02

We measure the normalized cross correlation (NCC), unified score (US) and thresholded
adaptive calibration error (TACE).
Results are presented as mean ± standard deviation of the respective metrics.
Augmenting existing DNNs with VarDeepPCA plugins yields statistically significant
improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
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Results (Quantitative): Neuroretinal Rim Segmentation
MAGRABI (ID) G1020 (OOD) ORIGA (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓

UNet 88.1 ± 4.7 7.7 ± 6.3 3.3 ± 1.9 89.4 ± 4.6 6.0 ± 2.1 2.8 ± 1.2 79.3 ± 10.8 16.2 ± 19.3 5.7 ± 5.9 82.6 ± 8.3 7.3 ± 2.2 3.4 ± 1.3 71.7 ± 10.2 21.1 ± 20.5 7.6 ± 6.2 76.3 ± 6.4 7.6 ± 1.9 4.3 ± 1.1
AttnUNet 92.0 ± 4.0 5.5 ± 2.4 2.0 ± 0.8 92.9 ± 3.7 4.9 ± 2.0 1.8 ± 0.7 78.3 ± 9.5 9.8 ± 7.1 4.2 ± 1.9 82.2 ± 8.3 7.7 ± 2.0 3.4 ± 1.1 68.6 ± 7.3 11.1 ± 4.2 5.4 ± 1.3 69.3 ± 7.6 9.3 ± 1.6 5.3 ± 1.1
ResUNet++ 76.9 ± 21.9 23.7 ± 12.2 2.2 ± 1.8 77.2 ± 21.5 7.1 ± 1.1 1.9 ± 1.5 73.9 ± 10.6 32.2 ± 16.9 8.1 ± 7.3 76.6 ± 7.8 10.8 ± 0.9 5.3 ± 1.3 47.8 ± 25.4 26.3 ± 15.9 8.8 ± 6.3 55.7 ± 23.6 10.4 ± 1.5 5.7 ± 2.1
DeepLabV3+ 92.2 ± 3.7 5.5 ± 2.5 2.0 ± 0.9 92.2 ± 3.6 5.3 ± 2.1 2.0 ± 0.8 74.7 ± 7.4 13.0 ± 8.4 6.3 ± 2.4 76.3 ± 6.2 9.2 ± 1.6 5.5 ± 1.4 62.0 ± 7.4 11.4 ± 4.0 7.6 ± 1.3 63.3 ± 7.0 8.6 ± 1.0 6.5 ± 1.0
BASNet 93.7 ± 3.0 4.4 ± 1.9 1.6 ± 0.7 93.8 ± 2.9 4.3 ± 1.9 1.6 ± 0.6 79.5 ± 7.1 11.7 ± 10.4 5.2 ± 2.8 80.5 ± 6.4 8.0 ± 2.0 4.4 ± 1.4 65.1 ± 6.8 13.0 ± 8.9 7.1 ± 2.2 67.6 ± 6.7 10.1 ± 1.2 6.5 ± 0.9
SegAN 77.2 ± 23.0 23.0 ± 10.9 1.7 ± 0.7 77.7 ± 22.9 7.2 ± 0.4 1.7 ± 1.0 79.1 ± 9.0 26.3 ± 3.2 4.8 ± 1.6 83.0 ± 8.6 10.7 ± 1.0 4.6 ± 1.5 46.5 ± 19.2 15.3 ± 7.8 5.1 ± 1.8 53.9 ± 19.0 10.5 ± 1.2 5.9 ± 1.3
MedSegDiff 92.5 ± 3.2 5.2 ± 2.0 1.9 ± 0.7 92.6 ± 3.2 5.0 ± 2.0 1.8 ± 0.7 77.8 ± 7.2 9.8 ± 8.1 5.3 ± 2.5 78.0 ± 7.1 8.5 ± 1.9 5.0 ± 1.6 62.9 ± 7.2 10.8 ± 2.5 7.0 ± 1.2 63.5 ± 7.2 9.1 ± 1.2 7.0 ± 1.0
DSTransUNet 92.4 ± 3.3 5.5 ± 4.3 2.0 ± 1.0 93.1 ± 3.2 4.7 ± 1.8 1.7 ± 0.7 78.5 ± 8.6 14.4 ± 16.5 5.8 ± 5.3 80.7 ± 7.0 7.9 ± 2.1 4.1 ± 1.4 62.3 ± 8.1 21.8 ± 15.4 8.6 ± 3.6 68.2 ± 7.1 9.6 ± 1.3 6.0 ± 1.0
VMUNet 93.0 ± 3.2 4.8 ± 2.0 1.8 ± 0.7 93.2 ± 3.3 4.6 ± 2.0 1.7 ± 0.7 79.1 ± 7.1 10.0 ± 8.0 4.8 ± 2.1 80.1 ± 6.8 8.3 ± 1.9 4.4 ± 1.4 61.8 ± 7.1 12.7 ± 7.3 7.2 ± 1.7 62.0 ± 7.2 10.4 ± 1.2 6.8 ± 1.0
MedSAM 78.2 ± 7.6 11.8 ± 3.2 5.0 ± 1.5 84.6 ± 6.0 7.8 ± 2.8 3.3 ± 1.7 80.3 ± 8.5 9.2 ± 4.0 3.4 ± 1.0 85.1 ± 6.9 6.8 ± 2.4 2.9 ± 1.0 77.4 ± 11.6 6.5 ± 2.1 2.6 ± 0.7 81.1 ± 10.0 5.5 ± 1.9 2.4 ± 0.7
PHISeg 92.3 ± 4.4 5.0 ± 2.0 1.9 ± 0.7 93.1 ± 3.2 4.8 ± 1.9 1.7 ± 0.6 74.6 ± 16.0 10.7 ± 8.0 4.2 ± 1.3 78.1 ± 9.7 8.2 ± 1.9 4.2 ± 1.3 63.6 ± 7.8 10.4 ± 1.4 6.3 ± 1.1 63.5 ± 7.7 9.8 ± 1.3 6.4 ± 1.1
ProbUNet 82.9 ± 8.3 10.1 ± 5.0 4.3 ± 1.7 85.4 ± 7.4 6.8 ± 2.4 3.7 ± 1.6 66.0 ± 13.3 21.8 ± 12.7 7.8 ± 4.2 74.0 ± 11.5 9.3 ± 1.8 4.3 ± 1.2 62.5 ± 14.0 30.7 ± 15.9 10.9 ± 6.1 70.8 ± 13.6 9.7 ± 1.6 3.7 ± 0.9
HierProbUNet 84.6 ± 6.1 10.9 ± 8.1 4.4 ± 3.0 88.7 ± 4.7 6.3 ± 2.3 3.0 ± 1.1 72.1 ± 11.1 28.0 ± 26.8 10.3 ± 9.8 80.8 ± 8.5 8.6 ± 2.1 4.0 ± 1.4 67.5 ± 8.7 14.9 ± 12.6 6.4 ± 5.2 72.0 ± 8.1 9.1 ± 1.8 4.4 ± 1.2
SegCNN+DAE+TTA 89.3 ± 4.3 6.8 ± 2.6 2.9 ± 1.3 90.7 ± 3.6 6.3 ± 2.1 2.7 ± 1.7 79.6 ± 8.5 9.7 ± 7.3 4.9 ± 3.1 80.8 ± 7.5 8.1 ± 2.6 4.3 ± 1.6 67.9 ± 8.3 10.5 ± 4.9 6.6 ± 1.9 68.5 ± 7.9 9.5 ± 2.1 5.1 ± 1.8
SegCNN+TTA+Atlas 90.3 ± 4.0 6.2 ± 2.4 2.5 ± 1.0 91.2 ± 3.9 5.7 ± 2.1 2.1 ± 1.0 80.1 ± 7.3 8.9 ± 6.0 4.2 ± 2.0 81.1 ± 7.1 7.7 ± 2.0 3.8 ± 1.2 69.1 ± 7.6 9.9 ± 4.1 5.4 ± 1.5 70.2 ± 7.5 9.0 ± 1.6 4.9 ± 1.1

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

Results are presented as mean ± standard deviation of the respective metrics.
Statistically significant improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
Baseline improvements: 11/15 for MAGRABI (ID), 14/15 for G1020 (OOD), and 13/15 for
ORIGA (OOD).

19 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Results (Qualitative): Neuroretinal Rim Segmentation
Top three baselines on
respective OOD dataset based
on HD95 performance are
selected for comparison.
Segmentation maps produced
by variational/probabilistic
baselines, i.e., PHISeg,
ProbUNet and HierProbUNet
are shown along with their
HD95 values.
Normalized cross correlation
between the error maps and
the uncertainty maps are
presented, showing
VarDeepPCA improves
uncertainty calibration over
probabilistic baselines.

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

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

(g) Unc: (d) PHISeg (h) Unc: (e) ProbUNet (i) Unc: (f) HPUNet

(j) Unc: (d)+Ours (k) Unc: (e)+Ours (l) Unc: (f)+Ours

G1020 (OOD Test Set)

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

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

(g) Unc: (d) PHISeg (h) Unc: (e) ProbUNet (i) Unc: (f) HPUNet

(j) Unc: (d)+Ours (k) Unc: (e)+Ours (l) Unc: (f)+Ours

ORIGA (OOD Test Set)
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Results (Quantitative): Neuroretinal Rim Uncertainty Quantification
MAGRABI (ID) G1020 (OOD) ORIGA (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓

PHISeg .56 ± .05 .93 ± .03 .21 ± .04 .58 ± .04 .95 ± .02 .12 ± .01 .48 ± .07 .82 ± .11 .32 ± .06 .57 ± .05 .87 ± .06 .13 ± .01 .54 ± .05 .82 ± .04 .48 ± .06 .56 ± .04 .86 ± .03 .18 ± .01

ProbUNet .42 ± .07 .91 ± .04 .27 ± .08 .49 ± .06 .94 ± .03 .12 ± .02 .37 ± .08 .85 ± .06 .39 ± .12 .43 ± .07 .88 ± .06 .13 ± .01 .33 ± .08 .86 ± .07 .55 ± .11 .39 ± .05 .88 ± .06 .16 ± .01

HPUNet .45 ± .04 .92 ± .03 .19 ± .09 .53 ± .05 .95 ± .02 .10 ± .01 .44 ± .07 .88 ± .06 .40 ± .12 .49 ± .07 .92 ± .04 .13 ± .01 .43 ± .05 .88 ± .04 .45 ± .09 .53 ± .05 .93 ± .04 .12 ± .01

We measure the normalized cross correlation (NCC), unified score (US) and thresholded
adaptive calibration error (TACE).
Results are presented as mean ± standard deviation of the respective metrics.
Augmenting existing DNNs with VarDeepPCA plugins yields statistically significant
improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
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Results (Quantitative): Prostate Segmentation
BIDMC+BMC (ID) HK+I2CVB (OOD) RUNMC+UCL (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓

UNet 93.4 ± 3.9 7.4 ± 13.8 2.5 ± 2.4 93.7 ± 3.4 4.6 ± 2.2 1.9 ± 0.9 84.3 ± 7.4 26.8 ± 23.9 8.4 ± 6.2 88.0 ± 4.6 7.3 ± 2.6 2.9 ± 1.1 89.4 ± 5.9 11.6 ± 13.6 4.0 ± 4.1 90.6 ± 4.3 6.7 ± 2.8 2.6 ± 1.0
AttnUNet 93.8 ± 2.7 10.7 ± 21.1 3.2 ± 4.8 93.9 ± 2.5 4.7 ± 1.9 1.9 ± 0.7 86.8 ± 9.9 18.6 ± 22.6 6.4 ± 8.5 89.4 ± 4.9 6.7 ± 2.9 2.7 ± 1.2 91.3 ± 4.6 13.8 ± 22.2 4.6 ± 6.3 91.9 ± 3.7 5.8 ± 2.5 2.4 ± 1.1
ResUNet++ 93.9 ± 2.6 5.1 ± 3.5 1.9 ± 1.0 94.1 ± 2.4 4.8 ± 2.0 1.9 ± 0.8 86.8 ± 7.0 11.1 ± 11.1 4.0 ± 3.1 87.6 ± 6.1 7.5 ± 3.2 3.1 ± 1.5 90.7 ± 4.5 8.6 ± 8.5 3.2 ± 2.3 90.8 ± 4.3 6.7 ± 2.8 2.7 ± 1.2
DeepLabV3+ 91.3 ± 3.2 6.4 ± 2.6 2.7 ± 1.3 91.3 ± 3.2 6.1 ± 2.4 2.6 ± 1.0 82.9 ± 13.3 16.5 ± 17.6 6.0 ± 6.2 86.0 ± 6.5 8.2 ± 1.2 3.5 ± 0.8 88.9 ± 4.6 8.3 ± 6.4 3.4 ± 1.8 89.3 ± 4.0 6.7 ± 1.8 3.0 ± 0.9
BASNet 94.7 ± 2.5 6.3 ± 12.0 2.0 ± 2.5 94.9 ± 2.1 4.2 ± 1.8 1.6 ± 0.7 87.7 ± 9.6 22.9 ± 27.5 8.0 ± 10.0 91.7 ± 3.8 5.5 ± 2.5 2.3 ± 1.1 92.0 ± 5.1 11.5 ± 19.5 3.9 ± 6.1 92.7 ± 3.4 5.3 ± 2.4 2.2 ± 0.9
SegAN 92.9 ± 3.2 5.5 ± 2.7 2.2 ± 1.0 93.1 ± 3.1 5.1 ± 2.3 2.0 ± 0.9 87.6 ± 4.7 9.3 ± 7.1 3.5 ± 2.0 88.1 ± 4.4 7.4 ± 2.3 3.0 ± 1.0 90.6 ± 3.9 7.2 ± 6.1 2.8 ± 1.4 90.8 ± 3.8 6.2 ± 2.4 2.5 ± 1.0
MedSegDiff 90.3 ± 5.8 24.5 ± 34.6 7.4 ± 9.9 92.5 ± 3.6 5.5 ± 2.4 2.3 ± 1.2 79.1 ± 11.6 47.5 ± 39.7 16.8 ± 15.0 86.5 ± 4.5 7.9 ± 2.1 3.5 ± 1.1 72.4 ± 12.5 73.2 ± 30.1 28.1 ± 14.6 88.2 ± 3.8 7.9 ± 2.2 3.5 ± 1.1
DSTransUNet 94.3 ± 2.5 6.8 ± 10.5 2.2 ± 2.0 94.3 ± 2.4 4.6 ± 2.0 1.9 ± 0.8 91.0 ± 4.9 10.3 ± 14.2 3.8 ± 4.9 91.4 ± 4.1 6.2 ± 3.0 2.5 ± 1.3 91.0 ± 5.1 12.9 ± 17.8 4.4 ± 4.9 91.5 ± 4.2 6.1 ± 2.5 2.6 ± 1.2
VMUNet 91.5 ± 3.4 5.9 ± 2.1 2.6 ± 1.0 91.8 ± 3.3 5.6 ± 2.0 2.4 ± 1.0 84.9 ± 6.1 8.7 ± 2.1 4.1 ± 1.2 85.1 ± 5.2 8.4 ± 1.9 3.9 ± 1.1 87.8 ± 4.8 7.6 ± 2.8 3.5 ± 1.3 88.0 ± 4.5 7.4 ± 2.2 3.5 ± 1.2
MedSAM 81.4 ± 5.7 13.6 ± 4.4 7.0 ± 2.5 81.7 ± 5.8 7.9 ± 3.9 3.7 ± 2.5 82.6 ± 5.5 11.3 ± 3.5 5.4 ± 2.2 82.7 ± 5.6 7.0 ± 2.9 3.5 ± 2.1 82.1 ± 5.5 11.5 ± 4.1 6.2 ± 2.4 82.3 ± 5.6 8.1 ± 3.9 3.6 ± 2.4
PHISeg 93.1 ± 2.5 5.2 ± 1.9 2.1 ± 0.8 93.3 ± 2.3 5.1 ± 1.8 2.1 ± 0.7 87.6 ± 4.4 7.5 ± 2.4 3.2 ± 1.2 87.8 ± 4.3 7.5 ± 2.1 3.3 ± 1.1 90.7 ± 3.7 6.4 ± 2.3 2.8 ± 1.1 90.9 ± 3.6 6.3 ± 2.1 2.8 ± 1.0
ProbUNet 91.4 ± 3.2 11.3 ± 17.8 3.6 ± 3.8 91.9 ± 2.8 5.8 ± 2.0 2.4 ± 0.9 83.3 ± 7.7 18.7 ± 17.3 6.5 ± 4.8 85.7 ± 4.9 7.9 ± 2.3 3.3 ± 1.1 86.7 ± 5.1 10.9 ± 7.9 4.2 ± 2.3 88.1 ± 4.4 7.7 ± 2.3 3.2 ± 1.0
HierProbUNet 90.7 ± 3.8 8.8 ± 7.6 3.5 ± 2.3 91.3 ± 3.5 6.7 ± 2.5 2.7 ± 1.1 77.4 ± 10.7 29.4 ± 13.2 11.3 ± 5.6 84.8 ± 7.4 7.9 ± 2.2 3.7 ± 1.4 81.8 ± 6.9 26.4 ± 12.8 9.6 ± 4.8 88.0 ± 5.0 7.9 ± 2.3 3.3 ± 1.3
SegCNN+DAE+TTA 92.3 ± 3.4 5.3 ± 2.6 2.3 ± 1.1 92.7 ± 3.0 5.2 ± 2.5 2.1 ± 1.1 87.1 ± 5.1 8.9 ± 7.1 3.4 ± 2.6 88.2 ± 4.7 6.9 ± 2.6 2.9 ± 1.6 89.4 ± 5.3 7.3 ± 4.4 2.9 ± 2.1 89.5 ± 4.7 6.8 ± 4.3 2.8 ± 1.6
SegCNN+TTA+Atlas 93.7 ± 3.0 4.7 ± 2.4 1.9 ± 0.8 93.7 ± 2.9 4.7 ± 2.2 1.9 ± 0.8 88.5 ± 4.7 8.0 ± 6.8 3.1 ± 2.2 89.3 ± 4.2 6.7 ± 2.3 2.8 ± 1.0 90.5 ± 4.9 6.8 ± 3.5 2.6 ± 1.3 90.5 ± 4.6 6.6 ± 2.8 2.6 ± 1.1

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

Results are presented as mean ± standard deviation of the respective metrics.
Statistically significant improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
Baseline improvements: 9/15 on BIDMC+BMC (ID) on HD95, 12/15 on HK+I2CVB (OOD),
and 11/15 on RUNMC+UCL (OOD) dataset.

22 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Results (Qualitative): Prostate Segmentation
Top three baselines on
respective OOD dataset based
on HD95 performance are
selected for comparison.
Segmentation maps produced
by variational/probabilistic
baselines, i.e., PHISeg,
ProbUNet and HierProbUNet
are shown along with their
HD95 values.
Normalized cross correlation
between the error maps and
the uncertainty maps are
presented, showing
VarDeepPCA improves
uncertainty calibration over
probabilistic baselines.

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

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

(g) Unc: (d) PHISeg (h) Unc: (e) ProbUNet (i) Unc: (f) HPUNet

(j) Unc: (d)+Ours (k) Unc: (e)+Ours (l) Unc: (f)+Ours

HK+I2CVB (OOD Test Set)

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

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

(g) Unc: (d) PHISeg (h) Unc: (e) ProbUNet (i) Unc: (f) HPUNet

(j) Unc: (d)+Ours (k) Unc: (e)+Ours (l) Unc: (f)+Ours

RUNMC+UCL (OOD Test Set)
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Results (Quantitative): Prostate Uncertainty Quantification
BIDMC+BMC (ID) HK+I2CVB (OOD) RUNMC+UCL (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓

PHISeg .66 ± .14 .76 ± .04 .39 ± .26 .69 ± .10 .82 ± .04 .12 ± .24 .57 ± .11 .63 ± .03 .47 ± .23 .63 ± .08 .69 ± .04 .14 ± .24 .45 ± .05 .66 ± .04 .53 ± .17 .52 ± .03 .73 ± .04 .09 ± .12

ProbUNet .45 ± .08 .69 ± .03 .44 ± .31 .54 ± .08 .73 ± .04 .14 ± .25 .40 ± .06 .59 ± .03 .50 ± .32 .45 ± .06 .65 ± .03 .12 ± .23 .51 ± .03 .68 ± .03 .46 ± .25 .55 ± .02 .74 ± .03 .08 ± .12

HPUNet .51 ± .09 .69 ± .03 .43 ± .29 .61 ± .08 .79 ± .03 .16 ± .24 .54 ± .07 .64 ± .03 .65 ± .25 .59 ± .06 .75 ± .02 .19 ± .18 .47 ± .04 .65 ± .04 .46 ± .22 .56 ± .03 .74 ± .03 .12 ± .15

We measure the normalized cross correlation (NCC), unified score (US) and thresholded
adaptive calibration error (TACE).
Results are presented as mean ± standard deviation of the respective metrics.
Augmenting existing DNNs with VarDeepPCA plugins yields statistically significant
improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
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Results (Quantitative): Fetal Head Segmentation
HC18 (ID) FetalPlanes (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓ DSC ↑ HD95 ↓ ASD ↓

UNet 84.5 ± 12.9 48.1 ± 10.9 15.0 ± 3.9 96.9 ± 0.9 5.2 ± 1.4 2.2 ± 0.6 89.4 ± 8.6 38.5 ± 18.6 12.1 ± 5.8 96.5 ± 1.2 5.2 ± 1.4 2.4 ± 0.8
AttnUNet 96.2 ± 6.6 8.4 ± 13.0 2.6 ± 3.4 97.0 ± 0.9 5.2 ± 1.3 2.1 ± 0.6 93.2 ± 8.8 13.6 ± 16.0 4.2 ± 3.9 96.6 ± 1.2 5.1 ± 1.4 2.3 ± 0.8
ResUNet++ 85.8 ± 7.4 41.1 ± 15.8 16.2 ± 7.1 95.8 ± 1.0 6.2 ± 1.1 3.0 ± 0.8 84.9 ± 7.3 42.4 ± 14.1 15.6 ± 5.7 96.0 ± 1.2 5.7 ± 1.3 2.8 ± 0.9
DeepLabV3+ 95.7 ± 3.0 10.5 ± 6.7 3.5 ± 2.3 96.8 ± 1.0 5.4 ± 1.3 2.3 ± 0.7 94.1 ± 2.4 14.3 ± 6.6 5.0 ± 2.2 96.5 ± 1.1 5.5 ± 1.3 2.5 ± 0.7
BASNet 96.3 ± 1.5 5.9 ± 8.1 2.1 ± 2.3 96.8 ± 1.0 5.3 ± 1.4 1.9 ± 0.6 96.8 ± 1.2 5.9 ± 4.0 2.4 ± 1.1 96.8 ± 1.1 5.0 ± 1.4 2.3 ± 0.8
SegAN 96.1 ± 2.3 6.6 ± 4.7 2.8 ± 1.8 96.8 ± 1.0 5.2 ± 1.4 2.2 ± 0.6 96.1 ± 1.5 7.2 ± 3.6 3.3 ± 1.1 96.5 ± 1.1 5.2 ± 1.4 2.4 ± 0.7
MedSegDiff 96.2 ± 1.1 5.3 ± 5.6 2.7 ± 1.1 97.0 ± 0.9 4.9 ± 1.4 2.1 ± 0.6 96.0 ± 7.4 7.2 ± 7.7 2.7 ± 2.7 96.7 ± 1.0 5.0 ± 1.4 2.3 ± 0.7
DSTransUNet 95.5 ± 1.4 7.9 ± 3.7 2.5 ± 1.0 96.4 ± 1.0 5.6 ± 1.3 2.5 ± 0.6 95.6 ± 1.7 8.2 ± 3.6 3.1 ± 1.1 96.3 ± 1.3 5.4 ± 1.4 2.5 ± 0.8
VMUNet 96.0 ± 2.4 6.4 ± 6.7 2.4 ± 2.2 96.9 ± 0.9 5.1 ± 1.4 2.2 ± 0.6 95.6 ± 2.3 8.7 ± 6.1 3.4 ± 2.0 96.6 ± 1.1 5.1 ± 1.4 2.3 ± 0.7
MedSAM 92.3 ± 4.5 13.9 ± 7.8 6.4 ± 4.0 92.6 ± 4.3 10.8 ± 5.6 5.7 ± 3.6 91.5 ± 4.6 13.3 ± 7.2 6.6 ± 3.9 91.8 ± 4.8 10.5 ± 5.6 6.1 ± 3.9
PHISeg 96.0 ± 1.9 5.3 ± 3.6 2.1 ± 1.3 96.9 ± 0.9 5.3 ± 1.3 1.7 ± 0.6 95.6 ± 2.3 7.2 ± 3.8 2.9 ± 1.3 96.4 ± 1.1 5.3 ± 1.4 2.4 ± 0.7
ProbUNet 95.7 ± 2.6 18.6 ± 15.3 5.0 ± 3.3 95.9 ± 1.3 6.5 ± 1.2 3.3 ± 0.8 93.9 ± 4.7 14.1 ± 11.2 4.9 ± 3.4 94.9 ± 1.1 6.6 ± 0.9 3.3 ± 0.7
HierProbUNet 96.5 ± 2.0 11.5 ± 7.5 3.8 ± 2.3 96.8 ± 1.0 5.3 ± 1.4 2.2 ± 0.7 94.5 ± 2.8 14.1 ± 7.7 4.9 ± 2.2 96.4 ± 1.3 5.3 ± 1.5 2.4 ± 0.8
SegCNN+DAE+TTA 96.1 ± 3.1 8.9 ± 10.6 2.7 ± 3.3 96.2 ± 1.5 5.3 ± 1.8 2.3 ± 0.9 95.3 ± 3.1 8.5 ± 6.9 3.1 ± 2.3 96.1 ± 1.8 5.7 ± 1.6 2.6 ± 1.1
SegCNN+TTA+Atlas 96.9 ± 2.9 8.6 ± 10.3 2.5 ± 2.9 96.9 ± 1.1 5.1 ± 1.4 2.2 ± 0.7 95.8 ± 2.8 8.0 ± 6.2 2.8 ± 1.7 96.4 ± 1.3 5.2 ± 1.4 2.4 ± 0.8

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

Results are presented as mean ± standard deviation of the respective metrics.
Statistically significant improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
Baseline improvements: 15/15 for both HC18 (ID) and FetalPlanes (OOD) dataset.
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Results (Qualitative): Fetal Head Segmentation
Top three baselines on respective OOD dataset based on HD95 performance are
selected for comparison.
Segmentation maps produced by variational/probabilistic baselines, i.e., PHISeg,
ProbUNet and HierProbUNet are shown along with their HD95 values.
Normalized cross correlation between the error maps and the uncertainty maps
are presented, showing VarDeepPCA improves uncertainty calibration over
probabilistic baselines.

(a) BASNet (b) SegAN (c) MedSegDiff

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

(g) Unc: (d) PHISeg (h) Unc: (e) ProbUNet (i) Unc: (f) HPUNet

(j) Unc: (d)+Ours (k) Unc: (e)+Ours (l) Unc: (f)+Ours

FetalPlanes (OOD Test Set)

26 / 36



Introduction and Motivation Methodology - VarDeepPCA Results with Sensitivity Analysis Conclusion and Future Work References

Results (Quantitative): Fetal Head Uncertainty Quantification
HC18 (ID) FetalPlanes (OOD)

Models Baseline Baseline + VarDeepPCA Baseline Baseline + VarDeepPCA

NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓ NCC ↑ US ↑ TACE ↓

PHISeg .67 ± .06 .69 ± .03 .34 ± .04 .73 ± .03 .75 ± .03 .14 ± .03 .49 ± .05 .71 ± .02 .45 ± .05 .55 ± .04 .78 ± .00 .08 ± .04

ProbUNet .54 ± .05 .72 ± .03 .37 ± .08 .68 ± .03 .82 ± .04 .15 ± .04 .34 ± .07 .65 ± .02 .44 ± .03 .45 ± .05 .75 ± .01 .11 ± .03

HPUNet .46 ± .06 .71 ± .02 .41 ± .04 .54 ± .03 .77 ± .03 .25 ± .03 .35 ± .06 .65 ± .01 .46 ± .04 .53 ± .05 .74 ± .00 .14 ± .03

We measure the normalized cross correlation (NCC), unified score (US) and thresholded
adaptive calibration error (TACE).
Results are presented as mean ± standard deviation of the respective metrics.
Augmenting existing DNNs with VarDeepPCA plugins yields statistically significant
improvements based on a two-tailed paired sample t-test (bold, p < 0.05).
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Sensitivity analysis: Changing latent dimension K with VarDeepPCA

(a) Myocardium (b) Neuroretinal Rim (c) Prostate (d) Fetal Head

Selected VMUNet, PHISeg (best performing) and UNet (as a representative of the early DNNs).
We select CAP (ID) + ACDC (OOD) for myocardium; MAGRABI (ID) + ORIGA (OOD) for
neuroretinal rim; BIDMC+BMC (ID)+HK+I2CVB (OOD) for prostate; HC18 (ID) + FetalPlanes
(OOD) for fetal head segmentation.

Optimized K for each application based on validation dataset during training.
VarDeepPCA consistently improved OOD performance.
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Sensitivity analysis: changing size of the training set S

(e) Myocardium (f) Neuroretinal Rim (g) Prostate (h) Fetal Head

We selected the same baselines and the same datasets (i.e., one ID and one OOD) for this
analysis.
Used S100 ⊂ S150 ⊂ S200 as training samples sizes.

We find the performance of the methods to be quite insensitive to small changes in S.
Across all training set and sample sizes, our plugin consistently and significantly improved over
the baselines.
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Conclusion and Summary of Contributions
Presented VarDeepPCA - novel framework/plugin to restore degraded segmentation
produced by DNNs on OOD images.

Learns principal modes of anatomical geometric variations from a small ID dataset of
segmentation maps.

Leverages a reinterpretation of softmax mapping to implicitly perform exact
distribution modelling, thereby enabling computationally efficient sampling free learning
and inference.

VarDeepPCA doesn’t require access to any OOD data nor to any medical intensity
image.

Results across 14 publicly available datasets and 15 DNN segmenters show
consistent improvement of DNNs in OOD segmentation, boundary delineation accuracy,
plausability of anatomical geometry, and uncertainty estimates.
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Constraints of our framework and Future work

Our method relies on consistency of geometry of anatomical object of interest
across dataset — inherently unsuitable for segmenting pathologies with highly
non-uniform/amorphous/unpredictable shapes/geometries like lesions, tumors etc.

If a segmentation map lies within the learned distribution of valid geometries but is still
incorrect, then VarDeepPCA is unable to correct/improve the segmentation.

Extreme errors in the segmentation produced by a DNN — then our/any other method
will be unable to restore the correct segmentation — even in such cases VarDeepPCA
succeeds in projecting the segmentation to one of a valid anatomical geometry.

Future work: Multiclass segmentation problem in 2D and 3D images.
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Any Questions?

Thank You!
pal.jimut@iitb.ac.in
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