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ABSTRACT

Over recent years, deep learning based image registration has achieved impres-
sive accuracy in many domains, including medical imaging and, specifically, hu-
man neuroimaging with magnetic resonance imaging (MRI). However, the uncer-
tainty estimation associated with these methods has been largely limited to the
application of generic techniques (e.g., Monte Carlo dropout) that do not exploit
the peculiarities of the problem domain, particularly spatial modeling. Here, we
propose a principled way to propagate uncertainties (epistemic or aleatoric) es-
timated at the level of spatial location by these methods, to the level of global
transformation models, and further to downstream tasks. Specifically, we jus-
tify the choice of a Gaussian distribution for the local uncertainty modeling, and
then propose a framework where uncertainties spread across hierarchical levels,
depending on the choice of transformation model. Experiments on publicly avail-
able data sets show that Monte Carlo dropout correlates very poorly with the ref-
erence registration error, whereas our uncertainty estimates correlate much better.
Crucially, the results also show that uncertainty-aware fitting of transformations
improves the registration accuracy of brain MRI scans. Finally, we illustrate how
sampling from the posterior distribution of the transformations can be used to
propagate uncertainties to downstream neuroimaging tasks. Code is available at:
https://github.com/HuXiaoling/Regred4Regis.

1 INTRODUCTION

Aligning two or more images to a common coordinate frame, referred to as image registration, is one
of the fundamental tasks in medical image analysis, especially in human neuroimaging with MRIL.
Since many human brain structures are fairly consistent across subjects, registration methods have
been very successful in this domain. Registration plays a vital role in many important applications.
One example is measuring temporal change in longitudinal studies by registering scans of the same
subject at different time points (Holland et al., [2011): by using each subject as its own control,
confounding effects introduced by inter-subject morphological variability are considerably reduced.
Another important application has been image segmentation: prior to deep learning, the state of
the art was established by multi-atlas approaches (Iglesias & Sabuncuj |2015), based on registering
a set of labeled cases to the target scan and merging the deformed segmentations. Yet another
key application has been spatial normalization to a digital atlas (e.g., the ubiquitous MNI template,
Fonov et al.|2009), which is at the core of many neuroimaging studies, and which enables analyses
(e.g., regression, group comparison) as a precise function of spatial location (Sowell et al., 2003).

Classically, image registration is cast as an optimization task, where the aim is to maximize a mea-
sure of similarity between a pair of images with respect to a (non)-linear transformation — often
combined with a regularization term that prevents excessively convoluted deformations (Zitova &
Flusser, [2003). This problem is typically solved with standard numerical optimization methods
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(Nocedal & Wright,/ 199B). In medical imaging, the different components of optimization-based
registration have been exhaustively studied, including transformation mpdels (Rueckert et al., 1999;
Christensen & Johnson, 2001), similarity metrics (Pluim ef al., P003; Avantg et al, 2008), and op-
timization approaches (Klein etidl., 2007; Glocker et|al., 2011). The reader is referfed to [Sotiras
et al| | 2018) for a comprehensive survey.

During the last decade, the focus on image registration has shifted from optimization-based ap-
proaches to (deep) learning-based approaches. By sidestepping the numerical optimization task,
these algorithms can predict a mapping between two images almost instantaneously. Earlier deep
learning (DL) methods, best represented by QuickSilver (Yanglet al.| 2017), were trained in a su-
pervised manner using ground-truth deformation elds obtained with classical optimization-based
registration. These supervised approaches were superseded by unsupervised frameworks that learn
to directly minimize the dissimilarity between two input images, using losses similar to those of clas-
sical methods — possibly combined with segmentation losses for improved alignment of anatomical
regions |(Balakrishnan et al., 2019; De Vos et|al., 2019). By now, many features of classical reg-
istration, including diffeomorphisms (Krebs et al., 2019), symmetry (lglesias,| 2023), progressive
warping (Lv et al., 2022), or inter-modality suppart (Hoffmann €t al., 2021) have been incorporated
into DL registration.

A crucial, but less explored, aspect of image registration is uncertainty estimation. Measures of
uncertainty can enhance both the reliability and interpretability of the registration process, which
are crucial aspects in many downstream applications. In high-stakes clinical applications, such as
surgery or radiation therapy, uncertainty estimates can be used to highlight regions with potential
registration errors, e.g., when registering pre- and intra-operative inages (Simpson et al., 2011a),
or to give more reliable estimates of structure borders, e.g., when estimating margins around or-
gans at risk in radiation therapy (Risholm et al., 2011). In neuroimaging studies, registration errors
propagate to downstream analysis tasks, such as segmentation, group-level statistics, or functional
mapping, and uncertainty estimates can be used to weigh or exclude data from unreliable regions
to compute e.g., improved spatial statistics (Simpson et al., 2011b). In the classical registration lit-
erature, uncertainty models often rely on formulating the task as a probabilistic model, where the
transform is a random variable (Simpson et/al., 2013; Le Folgoc|ét al.| 2017; Risholiv et al., 2013;
Le Folgoc et al., 2016; Kybic, 2009; Agn & Van Leemput, 2019), and where the uncertainty is de-
scribed by the posterior probability distribution of the transform. However, uncertainty estimation
remains largely unexplored in the modern DL registration literature. While there are well-established
approaches in the DL literature (particularly ensembling and Monte Carlo dropout, Gal & Ghahra-
mani 2015; Lakshminarayanan et al. 2017), they operate at the voxel level — rather than on the whole
transform. For this reason, uncertainty estimates in registration are scarce and typically a by-product
of model predictions (Dalca et al., 2019b; Gong et al., 2022; Krebs et al., 2018).

Here, we propose to integrate uncertainty estimation into DL registration in a principled manner.
Speci cally, we propose a method for uncertainty-aware tting of transformation models to predic-
tions madeindependenthat different locations (typically at each voxel), which can directly capi-
talize on existing DL uncertainty estimation approaches. In this framework, DL solves a simpler
location-by-location regression task, where a network is trained to predict a deformation vector per
location (or, alternatively, a triplet of target coordinates Gopinath et al. 2024), along with uncertainty
estimates (aleatoric and/or epistemic). We can then t multiple transformation models to the set of
predictions; our methods are general and support, e.g., af ne transforms, B-splines (Rueckert et al.,
1999), or non-parametric (Avants et al., 2008) transforms. The uncertainty estimates can then be
propagated to the model parameters in closed form, enalfip@ weighted t, where uncertain
locations contribute less to the tting; arfil) uncertainty estimation of the model parameters, e.g.,
B-spline coef cients. The uncertainty on the model parameters effectively considers dependencies
across spatial locations and can be further propagated to downstream tasks, e.g., registration-based
segmentation.

In sum, our method models uncertainty as it propagates through a hierarchy of levels (network
output, transform models parameters, downstream tasks), in a principled way that enables sampling,
investigating modes of variation, and computing of error bars. Speci cally, the main contributions
of this work are:

1. We propose a framework for propagating network estimated uncertainties (epistemic and/or
aleatoric) to transformation models and further to downstream tasks. Furthermore, our
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framework allows tting of multiple different transformation models, which can be exibly
chosen based on the application without retraining the network.

2. Using an experimental setup based on a recently proposed coordinate-regression DL
method for atlas registration, we show tlzd¢atoric uncertainty estimates correlate well
with registration error but the epistemic uncertainty (estimated with Monte Carlo dropout)
does not. Crucially, we also show that incorporating the aleatoric uncertainty into the tting
of the transformation modéhcreasegegistration accuracy.

2 RELATED WORK

Deep learning based medical image registrationDuring the last decade, deep learning methods
have dominated medical image registration (Cao et al., 2017; Krebs et al., 20 & eRalh 2017;
Uzunova et al., 2017; Sokooti et al., 2017; Tian et al., 2022; Balakrishnan et al., 2019; Dalca et al.,
2019b;a;b). These methods directly predict a deformation eld given two images, and can be gen-
erally categorized as supervised and unsupervised. Supervised methods train deep neural networks
with ground truth deformation elds. For example, the pioneering QuickSilver method (Yang et al.,
2017) uses elds estimated with an accurate, computationally expensive Large Deformation Diffeo-
morphic Metric Mapping (LDDMM) model. Cao et al. (2017) learns the complex mapping from
the input patch pairs to their respective deformation eld in a patch-based manner. In the context
of prostate imaging, Krebs et al. (2017) investigates how deep learning could help organ-specic
deformable registration, in applications such as motion compensation or atlas-based segmentation.
Uzunova et al. (2017) seeks to learn highly expressive appearance models from a limited number of
training samples.

Requiring ground truth deformation elds has the disadvantage that trying to learn the distribution of
such elds in isointense image regions may lead to wasted model capacity and misguiding gradients
due to over tting. In contrast, unsupervised registration usually uses spatial transformer networks
(STN) (Jaderberg et al., 2015) to warp moving images to match xed images, and the model param-
eters are trained using the similarity between warped and xed images. Similarly to classical meth-
ods, regularization terms are often used to encourage the smoothness of the predicted displacement
elds. Representative unsupervised methods include VoxelMorph (Balakrishnan et al., 2019), its
variational extensions (Dalca et al., 2019b), and (De Vos et al., 2019). These unsupervised methods
achieve accuracy levels comparable with classical techniques, albeit with much higher ef ciency.

Uncertainty estimation. Uncertainty estimation seeks to assess how con dent a model is in its
predictions —which is of greatimportance in the deployment of models in the real world, particularly
in critical applications such as medical imaging. DL models deal with two types of uncertainty:
aleatoric and epistemic. The former is input-dependent, e.g., noise in the data, and can be learned
during training (Malinin & Gales, 2018). Epistemic uncertainty is on the model weights, e.g., due to
insuf cient training data. Principled formalisms such as Bayesian neural networks are possible, but
are only practical for smaller models (Kendall & Gal, 2017). Recently, Monte Carlo (MC) dropout
(Gal & Ghahramani, 2015) and model ensembles (Lakshminarayanan et al., 2017; Rupprecht et al.,
2017) have been proposed as more practical approaches, especially in the context of classi cation
tasks (Abdar et al., 2021; Gawlikowski et al., 2021). Unfortunately, these approaches also have
shortcomings: MC dropout, which randomly turns off a fraction of the neurons, is fast and easy
to implement but is known to underestimate uncertainty (Blei et al., 2017), whereas ensembles
that estimate uncertainty as variance across multiple networks, or multiple output layers, are more
accurate but computationally expensive in training (Lakshminarayanan et al., 2017).

Uncertainty estimation for image registration. Uncertainty estimation for medical image registra-

tion provides a layer of reliability and interpretability, and has long been a research objective. In the
classical literature, methods based on probabilistic modeling have enabled uncertainty estimation
via Bayesian inference (Simpson et al., 2013; Kybic, 2009; Le Folgoc et al., 2017; Risholm et al.,
2013; Le Folgoc et al., 2016; Agn & Van Leemput, 2019). This is achieved by computing (exactly

or approximately) the posterior probability distributions of the deformation model parameters. In-
stead of Bayesian inference, other methods have used bootstrap sampling as an empirical ensemble
method to estimate registration uncertainty (Kybic, 2009).

In the DL era, registration uncertainty is often underutilized, and most existing approaches either
rely on direct application of the general uncertainty estimation techniques described above (see for
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instance Gong et al. 2022; Smolders et al. 2022; Chen et al. 2024a and Chen et al. 2024b for a
survey), or obtain simplistic uncertainty estimates as a by-product (e.g., the variational inference
strategy in Dalca et al. 2019b; Sedghi et al. 2019, which is known to underestimate uncertainty).
Therefore, these approaches fail to consider the spatial distribution of deformation elds. Zhang
et al. 2024 propose another version of an aleatoric loss for registration, which is parallel to the rst
level of uncertainty, see Section 3.1, in our framework. We propose to propagate the uncertainties
further on to the transformation models and downstream tasks. Finally, we note that the correlation
between uncertainty estimates and registration errors has not been thoroughly investigated (Luo
et al., 2019; 2020) — possibly due to the scarcity of datasets with labeled pairs of landmarks that
would ideally be used to measure these errors (Luo et al., 2020).

3 METHODS

Since our framework is applicable to different registration tasks, we rst present it in general terms.
Speci ¢ instantiations of the model, losses, and training approach are presented in Section 3.4.

Preliminaries. Given an input image, or input imagesour goal is to train a network that predicts

d =[dy;dp;ds]whered; =[d; 1;::;din 1T is acolumn vector storinly values for the coordinate
directionj . Depending on the application, the values may correspond to {@agetz) coordinates,
displacements from reference voxels in a target image that are needed to reach voxels in an input
image, or even key points that can be used for landmark-based registration (Wang et al., 2023). We
are thus seeking to train a neural netwbrkwith parameters, such thatd = F (I).

3.1 HRST LEVEL OF UNCERTAINTY. TARGET REGRESSION

The strength of our method lies in its ability to capitalize on well-established uncertainty estimation
methods that operate at the level of the individual outpts In this context, one can use the tech-
nigues discussed in Section 1 and Section 2 above to obtain an accurate estimate of the distribution
of the eld at each point individually. Without loss of generality, we assume this distribution to be
Gaussian: Monte Carlo dropout and ensembles both yield samples that are typically summarized
into a mean and (co-)variance; whereas aleatoric uncertainty estimation for continuous variables
often relies on prediction of Gaussian means and (co-)variances as well (Tanno et al., 2017).

Therefore, and irrespective of the chosen uncertainty modeling approach, we assume throughout the
rest of this manuscript the availability of=[ 1; 2; s3]land =[ 1; 2; 3], where storesthe
predicted mean values for every position and direction artenotes the corresponding predicted
standard deviations. Henceforth, we refer to these asgshievel of uncertainty

We further note that, since uncertainty is considered, over tting in at image regions is not an issue
and one can safely train the network with supervised losses — which greatly facilitates learning of
aleatoric uncertainty. In this case, ground truth coordinates or displacements can be obtained by
registering images to other images (pairwise registration) or MNI (atlas registration) using a slow,
accurate, classical method (Yang et al., 2017).

3.2 SECOND LEVEL OF UNCERTAINTY. WEIGHTED FITTING

Given a set of predicted valuesand their standard deviations we can t a large family of (non-
)linear transformations, including models based on basis functions (e.g., B-splines, Rueckert et al.
1999) and non-parametric approaches (Thirion, 1998).

Uncertainty-Aware Parametric Transformations. Let =] 1;::; g] be a matrix ofB basis
functions where , = [ p1;:: bpn]T and b, represents the value of basis functioavaluated

at locationn. Finally, letc be aB 1 vector with the coef cients of the basis functions. To t

the model, we minimize the coordinate error weighted by the corresponding precisions, given by
the inverse variances. This can be solved in one coordinate dirgctibthe time using standard
weighted least squares. Given a weight mawiy = diag( ; 2), the goal is to minimize the
weighted squared err@; for each of the three dimensiojps- 1, 2; 3:

Ej =0 ciI'wi[; cjl
which has the well-known solution:
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¢ =[ "wW; 1t Twy j=A

where ¢; is the mean of the tted coefcients for coordinate directign and Aj =
[ Tw; 11! Twj is the weighted pseudoinverse. Further, since this is a linear estimate, we can
compute thd8 B covariance matrix of the tted coef cients:

=A W, AT (1)

C; j

j
We note that the basis function formulation covers both linear and non-linear transformations, as
the former can be seen as a special case of the latter with[ X;y; z; 1], where the rst three
columns are the coordinates at the corresponblinigcations in the input image space and the last
one is a column of ones. These linear basis functions can be tted in isolation (linear registration),
prior to nonlinear tting (sequential linear / nonlinear registration), or together with nonlinear basis
functions in a single (joint linear/nonlinear registration).

Givenc andc for every direction, we can:

» Compute the most likely transform as
* Visualize the variance map of the coef cierdmg(c ), e.g., as a heat map.

+ Obtain samples of the eld asA( + W !g), whereg is a random vector with zero-
mean, unit-variance Gaussians at every entry.

Extract the leading eigenvalués;g and eigenvectorke; g (e.g., with randomized PCA,
Rokhlin et al. 2010) to visualize the main modes of variation, e.¢c, k iej) with
k2] 3;3]landi =1;2;3.

Uncertainty-Aware Non-Parametric Transformations. Best represented by the demons algo-
rithm (Thirion, 1998), most non-parametric registration methods consist of alternating vector eld
estimation and eld regularization ( eld smoothing). In our case, the eld estimation is given by the
network prediction, which is xed, so iterating is not necessary. Instead, we simply convolve the
network output with a smoothing kerni€l (typically Gaussian) to obtain the transformation. Since
this is a linear operation (independently of the choic& 9f the distribution of the smoothed eld
remains Gaussian, so we can:

« Compute the most likely transform, which can be ef ciently obtained with convolutions:
K?2( 2 )=K? 2),where isthe element-wise (Hadamard) product.

« Compute the voxel variance map §& K)? 2.

+ Obtain samples of the eldas ? ( + W !g), whereg is, once again, a random vector
with zero-mean, unit-variance Gaussians at every entry.

We note that extracting the leading eigenvalues and eigenvectors in this scenario is also possible, but
cannot be effectively done with convolutions and requires using the full expression (Equation (1)).

Throughout the rest of this paper, we refer to the distribution of the tted transformation (whether it
is coef cientsc of the smoothed non-parametric eld) as tbecond level of uncertainty

3.3 THIRD LEVEL OF UNCERTAINTY: ERROR BARS ON DOWNSTREAM TASKS

We can further propagate the uncertainty of the transformation to downstream tasks. As an example,
we used registration-based segmentation. Given that we can draw samples of the spatial transfor-
mation, we can propagate multiple versions of an atlas segmentation (see Figure 1). Each sample
from the transformation leads to one possible segmentation map, resulting in different versions of
segmentation maps, which can be used to estimate a distribution of labels at every spatial location —
and derive its uncertainty using, e.g., the entropy of this distribution. We call this the third level of
uncertainty.

3.4 MODEL INSTANTIATION

We demonstrate our framework using a simple coordinate-regression DL method, called “Registra-
tion by Regression” (RbR), for atlas registration that has been recently proposed (Gopinath et al.,
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2024); extension to pairwise registration is straightforward, by regressing displacements from im-
age pairs, rather than atlas coordinates from single images. RbR aims to non-linearly align a given
input scan with a target atlas (speci cally the MNI template). In this casepeci es the target
coordinates in the MNI space for every voxel in the input scan. Here we describe the losses used to
train the baseline RbR model and the additional losses we have used in the training of the extended
model.

Coordinate loss.For the coordinate loss we use a simpléoss between the predicted and ground-
truth coordinates at every voxel location:

1 X
L coord = bm mp 2[dn  F (Dal;

ntn =g

wherem = [mq;::;my]" is a attened binary foreground mask excluding all non-brain regions
andd,, andF (I), denote the ground-truth and prediction at locatiorespectively. An'; loss
could also be used, but we show in the experiments that this yields worse performance.

Mask loss. In addition to regressing the atlas coordinates, the CNN is also trained to predict the
brain maskn as the MNI template we use does not include non-brain structures. For the mask loss
we use a combination of a standard cross-entropy and Dice losses with empirically chosen relative
weights of 0.25 and 0.75.

1 X
Lmask = Pim [0:25 Lee(mn;min)+0:75 Lagice (Mn;Min)l;

n N op=y

in whichrft is the predicted mask amd is a ground-truth mask, which is also used in the coordinate
loss. In this case the cross-entropy and Dice losses are computed over two classes (foreground and
background), where the ground-truth and predicted masks are one-hot encoded.

Atlas segmentation loss (optional).Given we have a predictiod = F (1), we can t a trans-
formation model, as outlined in Section 3.2, to map a segmentation from the target MNI space to
the input. This allows us to supervise the network training using a more ne-grained Dice loss at
the level of neuroanatomical structures. To this end, we can use the transformation models in Sec-
tion 3.2 as a differentiable step in the network and train end-to-end using a segmentation loss. Here,
the transformation model contains both the linear and non-linear parts. We use a standard Dice loss
for the segmentation:

1 X
Lseg = Pim L gice (Sn:8n);

ntnon=g
wheres and$ are the ground-truth and transformed segmentations respectively, and the Dice loss is
now computed over multiple neuroanatomical structures (see Figure 1 for an example segmentation).

Aleatoric uncertainty loss (optional). To model the aleatoric uncertainty, we learn to directly
predict the mean$ and standard deviatiorfs of the coordinates. We use the hat to emphasize that
these are predictions from the network. When modeling the uncertainty with a Gaussian distribution

we aim to minimize the log-likelihood loss w.rt. and” given the targetd:
!
R
Luncer = Pim 7” S L R 7 AT n +log(® r21;j )

NN =g =1 n;j
Hered,; denotes the ground-truth coordinate for direcicand voxeln. In practice, we learn to
predictlog("ﬁ;j ) rather tharf‘ﬁ;- directly to map the values to real numbers (not only positive real
numbers). Another distribution, such as the Laplace distribution could also be used, and in practice

gives similar performance as shown in the experiments.

Epistemic uncertainty (optional). To model the epistemic uncertainty, we train the network using
Monte Carlo dropout. This amounts to randomly switching off a part of the activation functions
in one or more layers. The samples can be generated similarly at test time by making repeated
predictions while randomly dropping some of the activation functions. These samples are then
summarized a8 and” and used in tting the transformations.
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Figure 1: Overview of the training strategy of the proposed method.

Full loss for different network con gurations. The full loss for the proposed approach is:

Ltotal = I-coord *+  mask I-mask + segLseg +  uncer Luncer :

When training without uncertainty, we simply drop the last term, which models the aleatoric uncer-
tainty. This term is also not included when modeling the epistemic uncertainty, i.e., when training
with Monte Carlo dropout.

The overall training framework of the network is illustrated in Figure 1. Given an input scan, the net-
work regresses both the coordinate mearend the standard deviations as well as a foreground
maskf . The optional atlas segmentation loss is denoted by the dashed box.

4 EXPERIMENTS

Training and test data. We use the same training and test data sets as Gopinath et al. (2024). The
training data consists of high-resolution, isotropic, T1-weighted scans of 897 subjects from the HCP
dataset (Van Essen et al., 2013) and 1148 subjects from the ADNI (Jack Jr et al., 2008), while the
test data set includes the ABIDE (Di Martino et al., 2014) and OASIS3 (LaMontagne et al., 2019)
data sets. More details can be found in Appendix A.

Implementation details. We use the standard U-net (Ronneberger et al., 2015) as our backbone.
More details can be found in Appendix B.

4,1 RESULTS

We rst present results at every level of uncertainty and qualitatively demonstrate the utility of
our approach in a downstream task. We then move on to presenting quantitative results on the
registration accuracy using Dice scores as a quality metric. Finally, we show how the different
components of the training affect registration accuracy using ablations. Bolded numbers denote
signi cant differences (t-tesp = 0:05).

4.2 UNCERTAINTY THROUGHOUT THE HIERARCHY

First-level of uncer-
tainty:  epistemic
and aleatoric un-
certainty. To ensure
that the rst-level
uncertainties are
useful and benet
the registration, they
should correlate  (a) Error (epis.) (b) Var (epis.) (c) Error (alea.) (d) Var (alea.)

with the voxel-level . . ) . .
coordinate prediction Figure 2: Coordinate prediction error in millimeterarf) (Error) and esti-

error. The proposed Mated variance imm?2 (Var) for the epistemic (epis.) uncertainty (a, b) and
aleatoric uncertainty for the aleatoric (alea.) uncertainty (c, d).

is simply the re-

gressed 2, whereas for the epistemic uncertainty we train a separate network using dropout layers
but without the aleatoric uncertainty los§ncer -
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