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However, neither the transformation 
nor the appearance uncertainty reliably 
indicates segmentation errors when 
using the registration model for label 
propagation.
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Experimental Setup
Dataset:
• 3D cardiac MRI datasets: the ACDC [4] 

and the M&Ms [5] challenges.
• Registration task: Registration 

between the ED and ES stages.
Metrics:
• Deformation: Dice + Non-positive 

Jacobian Determinants (%|J|≤0) + 
Non-diffeomorphic Volumes (%NDV)

• Uncertainty: Pearson’s correlation (r) 
to quantify the correlation between 
the segmentation uncertainty 
estimates with the squared label errors

Source code is available at: 
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Our contribution:
• We bridge registration and 

segmentation uncertainty by 
developing a compact DNN that can be 
integrated with existing registration 
networks to estimate segmentation 
uncertainty for image registration.
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Overall framework:
• Registration network: 

• Uses a Monte-Carlo Dropout-based 
network to generate 𝑇𝑇 deformation 
fields via Monte-Carlo sampling.

• Compact DNN:
• Input: High-level features from the 

registration network as input.
• Conditioning: Based on the 

appearance difference.
• Output: Aleatoric segmentation 

uncertainty.

• Epistemic uncertainty: Quantifies 
uncertainty in the model.

• Aleatoric uncertainty: Quantifies 
uncertainty in the data.

• Registration Uncertainty 
Breakdown:
• Transformation Uncertainty:

• Quantifies ambiguity in 
deformation.

• Large in areas with piece-wise 
constant intensity.

• Appearance Uncertainty:
• Quantifies uncertainty in image 

similarity matching.
• Large during mismatches in image 

appearance.

• 𝐼𝐼𝑚𝑚, 𝐼𝐼𝑓𝑓: Moving and fixed images
• 𝑆𝑆𝑚𝑚, 𝑆𝑆𝑓𝑓: Label maps for 𝑰𝑰𝒎𝒎, 𝑰𝑰𝒇𝒇
• 𝜙𝜙: Deformation field

Warping function:
• Warping operations for both images 

and associated label maps use linear 
interpolation.

• For label maps, the operation is 
defined as: 𝑆𝑆𝑚𝑚 = argmax𝐶𝐶(𝑺𝑺𝑚𝑚𝐶𝐶 ∘ 𝜙𝜙)

Transformation Uncertainty:
• Computed as the variance of 𝑇𝑇 

deformation fields:

• 𝑈𝑈𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇.
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Appearance Uncertainty:
• Computed as the variance of 𝑇𝑇 

registered images:
• 𝑈𝑈𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴.
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Epistemic Segmentation Uncertainty:
• Requires label maps of the moving 

image to be available during testing.
• Voxel-wise entropy is calculated as:

• 𝑈𝑈𝐸𝐸𝐸𝐸𝐸𝐸.
𝑆𝑆𝑆𝑆𝑆𝑆. =

− ∑𝑐𝑐∈𝐶𝐶
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Aleatoric Segmentation Uncertainty:
• Does not require label maps during 

testing.
• 𝑈𝑈𝐴𝐴𝐴𝐴𝐴𝐴.

𝑆𝑆𝑆𝑆𝑆𝑆. is the variance, 𝜎𝜎2, of the 
negative log-Gaussian likelihood [3]:
• ℒ = 𝟏𝟏
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Qualitative Results:

Quantitative Results:

Introduction of auxiliary DNN: 
• We have implemented a compact DNN 

that estimates aleatoric segmentation 
uncertainty during label propagation in 
image registration, eliminating the 
need for label maps at test time.

Insights into registration process:
• By combining entropy to represent 

epistemic segmentation uncertainty, 
the method offers a comprehensive 
estimation of uncertainties for both 
image warping and label propagation.
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