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Abstract. Typically, learning-based image registration identifies a de-
formation field deterministically in a single pass through the neural net-
work, with no test-time adaption or quantification of confidence in the
prediction. We propose Recursive Uncertainty-Gated Image Registration
(RUGI), a model-agnostic, inference-time algorithm, to recursively re-
fine an initial deformation field while focusing updates on regions of high
uncertainty. RUGI produces uncertainty estimates which can be propa-
gated to downstream tasks, and improves registration performance. We
evaluate on two datasets spanning cardiac MRI and ultrasound, and
demonstrate statistically significant improvements over single-step in-
ference. Mean squared error (MSE) reductions exceed 20% relative to
the single-step baseline, with gains in anatomical alignment confirmed
by Dice similarity within labelled datasets. RUGI can also be applied
directly to existing pretrained models; applied to VoxelMorph, Trans-
Morph, and CycleMorph in a third dataset, it yields MSE reductions of
27-37% with no modification to the original training procedure. There-
fore, we expect RUGI to improve performance and drive interpretability
in any learning-based image registration scenario.

Keywords: Deformable Image Registration - Uncertainty Estimation -
Inference-Time Adaptation - Bayesian Neural Networks - Cardiac Imag-
ing

1 Introduction

Image registration is a fundamental task in medical image analysis, with ap-
plications in diagnostics, treatment planning, and image-guided intervention. In
recent years, learning-based image registration methods have gained substantial
attention due to their speed at inference and their performance. Typically, a
neural network receives a fixed and moving image pair and estimates a dense
displacement field that can be used to warp one image to match the other.
Learning-based approaches enable fast inference at test time and can learn com-
plex, data-driven regularisation priors, and are able to generalize across image
pairs and, in some cases, across datasets without a need for further training |1,
2].

The estimation of spatial correspondence between images is inherently ill-
posed, and its difficulty is often spatially varying: image quality may vary sub-
stantially across the field of view, making some correspondences easier to infer
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than others. Some regions may exhibit simple, smooth motion, whereas others
undergo larger or more complex local deformations, making the transformation
spatially heterogeneous. These factors make registration performance highly vari-
able across datasets, with the optimal method depending strongly on the spatial
heterogeneity and motion characteristics of the data [3]. This sensitivity to data
characteristics limits the ability of fixed, trained models to generalize reliably to
new domains, motivating inference-time strategies that can adapt to the specific
properties of each image pair.

Iterative registration strategies have been applied in the past [4-8]. Repeated
inference expands the transformations that can be estimated by the model, but
updates are often applied uniformly across the full image domain, regardless of
the spatial heterogeneity or the confidence in the predictions.

Uncertainty in learning-based registration arises from two sources: aleatoric
uncertainty (due to data variability, noise, artefacts) and epistemic uncertainty
(due to model structure and parameters) [2]. Probabilistic frameworks such as
variational inference [9] and conditional VAEs [10] model aleatoric uncertainty by
estimating a distribution over deformations, but require specialised architectures.
Epistemic uncertainty is estimated via Monte Carlo dropout [11], ensembles
[12], or Bayesian neural networks [13,14]. Uncertainty has been used to weigh
regularisation terms [15], and Tian et al. [16] estimate it at inference time via
transformation equivariance, but no prior work combines uncertainty estimation
with iterative refinement to guide focused updates at inference.

We propose a learning-based image registration framework at inference which
combines focused optimisation with epistemic uncertainty estimation to improve
registration accuracy and increase interpretability. Our contributions are:

1. We present an inference-time algorithm to iteratively refine image registra-
tion using uncertainty gating. Our method performs iterative inference and
uses an uncertainty-based gating function to apply targeted updates to dif-
ferent regions of the image. Our algorithm provides uncertainty estimates
that can be propagated to downstream tasks.

2. We show the method can be applied to pretrained models with no need for
retraining by using an image similarity-based proxy for the uncertainty to
guide updates.

2 Methods

For a pair of images I,;,0, and Iy, the goal is to find a deformation field ¢ which
warps Ip,o, to match the underlying structure of Iy;,. In unsupervised motion
estimation, a model is trained to predict this deformation field by minimizing a
loss function between the warped moving image lwarped and Iy;,. At inference,
this model receives the input images and estimates the deformation field in one
step. This deformation field is then used to warp the moving image.
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Algorithm 1 RUGI Algorithm

Require: Fixed image Ifx, moving image Iy ov, max iterations T', tolerance e
Ensure: Composed deformation field &

P <+ identity

IO Loy

qo + Sim(Igx, I(?)

fort=1,2,...,7T do
é(t) — R(Igy, It—1) > Predict deformation
s S(Igy, 1D > Calculate gating
if ¢t = 1 then
é(t) P Q(f) > First step: unmodulated update
else
¢(t) — oM o s® > Apply uncertainty gating
end if B
Prew < P o é(t) > Tentative composition
I® « Inov © Prow > Warp with new field
gt + Sim(Iay, I)
if ¢4 — q1—1 < € then > Insufficient improvement, stop
break
end if
D <+ Prew > Accept update
end for
Return ¢

2.1 Recursive Uncertainty-Gated Image Registration (RUGI)

Algorithm 1 describes the Recursive Uncertainty-Gated Image Registration (RUGI)
Algorithm. At each iteration ¢, the registration model R() predicts a dense de-
formation field over the full image domain, conditioned on the fixed image I;,
and the moving image warped at the previous step, I(*~1). The model out-
puts a vector flow field for that time point ¢ = R(Ifim,f(t’l)). In parallel,
the gating function S() produces an uncertainty estimate for the deformation
field s) = S(Ig, I*~ 1), which is normalized for each image. The uncertainty
map modulates the magnitude of the incremental deformation update at each
iteration. The selective gating is anisotropic, and is calculated and applied inde-
pendently along each axis 555) and 5,(;). This anisotropic formulation allows the
method to modulate registration confidence independently per direction, which is
particularly important in settings where noise and artefact characteristics differ
across axes. This process can be repeated until a loss-based or a higher-is-better
similarity-based stopping criterion (as written in Algorithm 1) is satisfied.

To prevent the accumulation of interpolation artefacts that would arise from

repeated resampling, the deformation fields gi;(t) at each iteration are not applied
sequentially to the output of the previous step. Instead, all incremental defor-
mation fields are composed into a single cumulative field @, and the original
moving image Iy is resampled using the composed deformation at each itera-
tion. This reduces interpolation artefacts and preserves the image details during
the optimisation.

We propose to use the uncertainty of the deformation field as the gating
function. In this case, regions with low predicted uncertainty receive smaller
updates and stabilize earlier in the iterative refinement, while high-uncertainty
regions continue to receive updates.
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While RUGI works at inference time with no modification to the registration
model, the uncertainty estimation requires a lightweight network to be trained.
Both networks are trained jointly, so the uncertainty network learns to predict
uncertainty specific to R()’s predictions. During training, the registration model
R() is sampled N times for each image pair, producing a distribution of deforma-
tion fields ¢1. n. We used 5 iterations. The per-pixel standard deviation of these
fields o is used to train the uncertainty model U in a supervised manner using
the mean squared error (MSE) as the loss function. The mean deformation field
gZ_) is used to warp Ip,ov, yielding Iyarped- The similarity loss between Iy;, and
Lyarped is used to train the registration model R. The full loss function used the
MSE as the similarity term, and an added bending energy term as the regular-
isation loss. At inference, the uncertainty model predicts o = U(I;,, I*1).
This uncertainty map is then smoothed and normalized to obtain the gating
map s®). While this requires an additional network, the costs are minimized by
the small size of the network (465k parameters).

Since U() estimates epistemic uncertainty, high values indicate regions where
the model’s predictions are inconsistent across multiple passes. A BNN trained
on image pairs will exhibit high predictive variance in regions where the defor-
mation is difficult to estimate consistently, due to its magnitude, complexity, or
image quality. Conversely, regions of background or static anatomy are regis-
tered consistently, yielding low ¢. By weighting the incremental update ¢(*) by
the normalised uncertainty maps s*), RUGI concentrates refinement effort where
the initial single-step prediction is least reliable, while suppressing potentially
destabilishing updates in already well-registered regions. This allows RUGI to
correct the residual misalignment that single-step inference obtains.

[4,7,7,7] use repeated inference to expand the space of representable transfor-
mations, but apply updates uniformly across the image domain every iteration.
This approach fails to account for the heterogeneous confidence of the deforma-
tions. RUGI addresses this by introducing uncertainty gating, which modulates
the magnitude of the updates. Regions of low uncertainty receive attenuated up-
dates and stabilize early, while high-uncertainty regions continue to to be refined.
The non-uniform, spatially selective refinement is a fundamental departure from
prior iterative approaches.

Uncertainty-aware registration methods [9, ?,?,?] have quantified uncertainty
as an additional output to their registration frameworks, or have used it to
reweight regularisation terms, but do not use uncertainty to selectively refine
registration at inference time. RUGI is the first method to combine epistemic
uncertainty estimation with iterative inference, with spatially gated refinement
that focuses updates in regions of high uncertainty. This is achieved in a model-
agnostic manner with no changes to the architecture or training procedure.

2.2 Implementation details

Registration model We use a Bayesian Neural Network (BNN) as the registration
model to obtain deformation estimates and train the uncertainty network U().
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The BNN initialization parameters and dropout rate were empirically selected
through hyperparameter sweeps.

Datasets We evaluated our selective gating algorithm on two datasets. First,
the Automatic Cardiac Diagnosis Challenge (ACDC) dataset, which contains
cardiac magnetic resonance acquisitions from 1.5T and 3.0T MRIs [17]. The total
training dataset has 100 patients with two volumes per patient, and 560 training
image pairs. Cardiac Acquisitions for Multi-structure Ultrasound Segmentation
(CAMUS) is an ultrasound dataset containing cardiac acquisitions from 500
healthy and anomalous patients in multiple views [18]. Each acquisition was
segmented by a clinical expert, providing ground truth anatomical information.
4500 images were used for training. We trained the models using five different
random seeds on each dataset, and the sample size for statistical analysis was one
per training run (n=>5). Train:test:validation splits were performed by dividing
across patients so no patient was in both, using ratios of 70:20:10.

Pretrained models To validate the application of our algorithm without re-
training, we applied the method to several publicly available pretrained mod-
els, namely TransMorph, VoxelMorph, CycleMorph, with pretrained weights
extracted from [19], in an additional third dataset. Motivated by the well-
established correspondence between uncertainty and prediction error, we pro-
pose an error-based gating alternative that requires no auxiliary network. The
per-pixel local normalized cross-correlation (LNCC) between I, and I (=1 g
computed, exponentiated to amplify contrast, smoothed and normalized to pro-
duce s®). This yields a spatially varying gating that acts as an uncertainty proxy
and concentrates updates in regions of high error. After RUGI, the standard de-
viation of the similarity-based proxy is taken as an empirical measurement of
uncertainty. These models were trained on the IXI dataset, a 3-D brain MRI
registration dataset [20]. For each model, we compared the original one-step in-
ference result with the output obtained when the same model was used within
our iterative gating framework.

3 Results

Figure 1 shows example registrations across the four datasets for our proposed
methods, as well as a baseline single-step BNN. Our method obtains improved
alignment of tissue boundaries in all cases, as seen in the difference images and
the masks. High-uncertainty regions correspond to areas of larger or complex
deformation. In ACDC anc CAMUS, uncertainty is highest at the myocardial
boundary, where motion is largest and tissue contrast is lowest. In IXI, the em-
pirical uncertainty is highest at sulcal boundaries and ventricular margins, con-
sistent with the large inter-subject variability in anatomical structure in these
areas. Figure 2 shows the improvement according to the four metrics as a per-
centage change of the performance of the one-step inference. The performance
improvements when applying our algorithm to the pretrained models is also
shown.
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Masks, Masks,
Fixed Moving BNN Ours F-BNN F-Ours F+BNN F+Ours Uncertainty

ACDC

CAMUS

IXI

Fig.1. Example motion corrected images using the proposed method using the
uncertainty-guided iterative refinement, in comparison to the baseline BNN. Exam-
ple warped images, error maps and warped masks are shown in both ACDC, CAMUS
and IXI. The estimated uncertainty is shown for each example.

First, we evaluate RUGI using our proprietary models using ACDC and CA-
MUS. Our method obtained consistent, statistically significant improvements
relative to the single-step baseline according to all four image similarity met-
rics. Paired one-sided Wilcoxon signed-rank tests, with Benjamini-Hochberg false
discovery rate correction applied across all 40 simultaneous comparisons, yield
significant results (ppy = 0.031) in every case. We evaluated anatomical align-
ment directly using the Dice similarity coefficient (DSC). Our method achieved
a statistically significant improvement in DSC relative to the single-step base-
line (paired one-sided Wilcoxon signed-rank test, p = 0.031). On ACDC, the
uncertainty-based method increased the median DSC across all tissues from
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Fig. 2. Percentage change in image similarity metrics relative to one-step BNN method
across the three datasets. The performance change in the IXI dataset was calculated
using three pretrained models: VoxelMorph (V), TransMorph (T) and CycleMorph (C).

0.8293 to 0.8508 (A = +0.021). On CAMUS, our method increased the median
DSC from 0.813 to 0.823 (A = +0.010). These results demonstrate that the
improvements observed in intensity-based image similarity metrics correspond
to a tangible gain in anatomical alignment.

Secondly, RUGI was applied at inference to three pretrained registration
models, VoxelMorph, TransMorph, and CycleMorph, evaluated on 58 paired
samples. Statistical comparisons used one-sided paired Wilcoxon signed-rank
tests with Benjamini-Hochberg correction across all 12 simultaneous compar-
isons, with effect sizes signed so that positive values indicate multistep inference
performing better.

Significant improvements are obtained across all three models for MSE, NCC,
and MI (all pgg < 0.001, large effect sizes throughout). For MSE, median reduc-
tions of 30.2%, 37.1%, and 27.4% are observed for VoxelMorph, TransMorph,
and CycleMorph respectively, with Cliff’s § > 0.84 in all cases, indicating that
the multistep approach produces lower MSE than the one-step baseline on the
large majority of individual samples. NCC improvements are similarly consis-
tent across all three models (§ > 0.94), and MI improvements are large and
significant for all three (6 > 0.80). SSIM results are significant for VoxelMorph
and TransMorph (pgg < 0.001), both showing improvements, while CycleMorph
shows a significant decrease in SSIM (pgu < 0.001, § = 0.72). The divergence on
SSIM for CycleMorph likely reflects differences in the spatial frequency charac-
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teristics of that model’s output relative to the other two. Overall, these results
demonstrate that RUGI generalises effectively to pretrained models without any
retraining, producing consistent and significant improvements in the majority of
metrics across all three architectures tested.

3.1 Computational Cost

Table 1 reports the median inference time per sample and median number of
registration steps for our proposed method relative to the single-step BNN base-
line. The multistep inference is significantly slower than the one-step baseline
in all cases (BH-corrected Wilcoxon, p < 0.001 throughout), which is expected
given that it performs multiple forward passes. The uncertainty method takes
between 5.1x and 9.8 longer than the baseline depending on the dataset, with
a median of 4-11 steps. The variability in the number of steps of the proposed
method shows the adaptability of the method, which takes more steps when the
registration problem is harder.

Dataset One-step BNN (s) Ours (s) Steps Ratio (Ours /
BNN)

ACDC 0.014 0.135*** 8.0 9.8%

CAMUS 0.014 0.071*** 4.0 5.1x

Table 1. Computational cost of multistep inference relative to the one-step baseline.
Time is median wall-clock inference time per sample (seconds). Steps is the median
number of registration steps taken. Ratio = multistep / one-step time. Significance
(BH-corrected Wilcoxon): *p<0.05, **p<0.01, ***p<0.001.

4 Discussion

This study proposed an uncertainty-gated recursive algorithm for deformation
field refinement at inference. The results demonstrated that our algorithm im-
proves learning-based image registration across diverse datasets and architec-
tures.

RUGI produced statistically significant improvements over single-step infer-
ence across all datasets and all four image similarity metrics. This breadth of
improvement suggests the method is not tailored to a specific modality or motion
regime, but captures a general weakness of single-step feed-forward registration:
the inability to correct residual misalignment after a single forward pass. An
ablation study confirmed these improvements are not solely due to iterative re-
finement: uniform and intensity-gated refinement produced smaller gains than
the uncertainty-gated approach, indicating spatial selectivity is a primary driver
of improvement.
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While there are consistent improvements in registration accuracy according
to image-based and anatomical metrics, the effect sizes are modest. Further
analysis should explore the potential impact of these improvements on clinical
applications.

Several limitations should be noted. First, the uncertainty model requires
supervised training using samples from the registration model, which adds com-
plexity to the training pipeline and ties the uncertainty estimates to the quality
of the base model. Second, the iterative inference increases wall-clock time sub-
stantially, which may be prohibitive in real-time clinical settings such as intraop-
erative guidance. Third, while the method was evaluated on two diverse datasets,
all experiments used 2D registration; the extension to 3D (demonstrated only
for the pretrained model experiments) may introduce additional computational
constraints. Fourth, the SSIM inconsistency for CycleMorph and the moderate
performance gap between methods on specific dataset—metric combinations sug-
gest that the method’s behaviour is not fully uniform, and failure cases remain to
be characterised systematically. Finally, the stopping criterion is based on image
similarity improvement, which may not always align with anatomical registration
accuracy; incorporating landmark-based or segmentation-based stopping criteria
could improve reliability in settings where ground truth deformation is partially
available.

5 Conclusion

We proposed RUGI, an algorithm for uncertainty-gated deformation field refine-
ment at inference-time. By focusing updates on regions of the images with high
uncertainty, our method is able to adapt to spatially heterogeneous difficulty. The
resulting uncertainty maps provide spatially interpretable confidence estimates
that correlate with registration error and can be propagated to downstream
tasks. Statistically significant improvements were demonstrated across cardiac
MRI and ultrasound datasets, with improvements in intensity-based metrics and
anatomical alignment. The framework generalises to existing pretrained architec-
tures without retraining, yielding MSE reductions of 27-37% across VoxelMorph,
TransMorph, and CycleMorph. This work demonstrates the value of uncertainty
estimation not only to improve interpretability but also to drive performance in
medical imaging tasks.

Disclosure of Interests. The authors have no competing interests to declare.
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