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● We evaluate the proposed 
framework by registering 
end-diastole (ED) frame to 
end-systole frame (ES).

● Our proposed approach 
consistently outperforms 
baselines in various architectures 
and datasets
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Summary
We propose an unsupervised image registration framework that extends 
the commonly used homoscedastic noise assumption to heteroscedastic.

Preliminary

● Fixed is a noisy observation of the moved:
● Preliminary objective:

● Two types of uncertainty: aleatoric and epistemic.
● Heteroscedastic noise is a type of aleatoric uncertainty, which can be 

expressed as: 
● The following objectives learn the input-dependent mean and variance: 

Modeling heteroscedastic noise as aleatoric uncertainty

Naive integration to image registration

Motivation
Existing image registration approaches often assume homoscedastic 
noise, whereas real-world medical images exhibit heteroscedastic noise. 

Introduction
Homoscedastic means uniform; heteroscedastic refers to non-uniform.

● Unsupervised registration 
aims to align two images 
without any labels.

● Existing methods commonly 
use a intensity-based 
objective, such as mean 
squared error.

Methods

Displacement estimator loss

Variance estimator loss

● A relative weighting 
instead of absolute

● 𝛄 controls confidence 
of current noise 
variance estimate.

Registration accuracy

Evaluation on heteroscedastic uncertainty

Paper: https://arxiv.org/abs/2312.00836 Code: https://github.com/Voldemort108X/hetero_uncertainty

Incorporating displacement uncertainty
Qualitative visualization Sparsification error

Effect of 𝛄

Quantitative evaluation

Displacement loss:

Sparsification error: remove one pixel at a time from largest to smallest 
uncertainty magnitudes, measured the MSE of the remaining pixels.

Our estimated uncertainty is visually sensible and quantitatively supported 
by sparsification error metrics.

Our framework is versatile to 
incorporate displacement 
uncertainty.


