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ABSTRACT

Image registration is fundamental in medical imaging applications, such as disease progression analysis or ra-
diation therapy planning. The primary objective of image registration is to precisely capture the deformation
between two or more images, typically achieved by minimizing an optimization problem. Due to its inherent ill-
posedness, regularization is a key component in driving the solution toward anatomically meaningful deforma-
tions. A wide range of regularization methods has been proposed for both conventional and deep learning-based
registration. However, the appropriate application of regularization techniques often depends on the specific
registration problem, and no “one-fits-all” method exists. Despite its importance, regularization is often over-
looked or addressed with default approaches, assuming existing methods are sufficient. A comprehensive and
structured review remains missing. This review addresses this gap by introducing a novel taxonomy that sys-
tematically categorizes the diverse range of proposed regularization methods. It highlights the emerging field
of learned regularization, which leverages data-driven techniques to automatically derive deformation proper-
ties from the data. Moreover, this review examines the transfer of regularization methods from conventional to
learning-based registration, identifies open challenges, and outlines future research directions. By emphasizing
the critical role of regularization in image registration, we hope to inspire the research community to reconsider
regularization strategies in modern registration algorithms and to explore this rapidly evolving field further.

1. Introduction

or physiologically feasible. Achieving such plausible solutions is cru-
cial for accurate intra-patient registration in clinical settings, where the

Image registration is crucial in many clinical applications, e.g., in
radiation therapy or disease monitoring (Rueckert and Schnabel, 2010;
Sotiras et al., 2013). Its primary objective is to accurately identify the
deformation between two or more images, typically by minimizing
an optimization problem. In recent years, learning-based registration
methods have become state-of-the-art. Unlike conventional methods
that iteratively solve an optimization problem for each image pair,
learning-based approaches use neural networks to parameterize the
transformation model and to learn the registration with training data.
Once trained, these models can register unseen image pairs in real time.

A key challenge in image registration lies in its ill-posed nature:
Mathematically, multiple solutions exist, but only few are anatomically
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deformation should reflect the true motion of the physical structure.
For instance, when deformation causes image regions to overlap, this is
called folding (see Fig. 3), which is physically impossible for soft tissue
and thus should not be present in its deformation.

The key to achieving a unique and realistic solution to a registration
problem is the regularization of the optimization problem. Regulariza-
tion constrains the solution space and incorporates deformation char-
acteristics into the process. It is an essential element in almost every
registration algorithm, forming a fundamental building block of a suc-
cessful registration algorithm — alongside the (dis-)similarity measure,
transformation model, optimization procedure, and validation protocol
as outlined in (Rueckert and Schnabel, 2010).
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Fig. 1. Regularization is an essential building block of successful registration algorithms. We identify three main categories of regularization methods: (I) Model
based regularization that imposes prior assumptions on the deformation; (II) problem specific regularization that takes into account additional knowledge about
the data, such as spatial information in the form of segmentation maps or physiological information; and (III) Learned regularization, which derives deformation
properties from training data with a machine or deep learning model. The amount of prior information included in the regularization increases from category I to
I1I. Most problem specific and learned regularization methods have their origin in model based regularization.
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Fig. 2. Explicit vs. implicit regularization: Overview of approaches to integrating regularization in conventional (left) and learning-based (right) medical image
registration. In both, regularization can be achieved explicitly with a regularizing loss term (dark blue) or implicitly with the parameterization of the transformation
model (light blue). Additionally, guiding loss terms (green) can drive the registration toward a desired solution. For learning-based registration, the regularization
applied during training is inherently captured in the network parameters at inference time.

A wide variety of regularization methods has been proposed with
different aims. These range from enforcing general properties such
as spatial smoothness and invertibility to addressing more complex
ones, including modeling organ specific motion or handling missing
regions. While most of these methods originate in conventional reg-
istration, several have already been successfully adapted to learning-
based registration (Hering et al., 2023). However, despite the widely
acknowledged importance of regularization, its role is often neglected
in practice, and many state-of-the-art registration frameworks rely
on standard techniques, such as £,-norm smoothing, which may not
fully address real-world deformations. Furthermore, regularization ap-

proaches often seem handcrafted, and a ’one-fits-all’ method does not
exist.

The lack of a comprehensive taxonomy that organizes the diverse
landscape of regularization techniques hinders the potential method
transfer across different image registration applications and limits
progress in the field. Several general review papers exist on conven-
tional and deep learning-based medical image registration methods
(Viergever et al.,, 2016; Haskins et al., 2020; Fu et al., 2020; Chen
et al., 2024) as well as targeted reviews on specific registration building
blocks like deformation models (Wang and Li, 2019) or registration error
estimation (Bierbrier et al., 2022), and application-specific areas
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Fig. 3. Model based regularization — Smoothness and folding: Different levels of smoothness regularization, controlled with the regularization parameter « (see
Eq. 1). The pink arrows indicate regions of folding. With increasing a, more smoothing is applied and less folding is observed.

(Ferrante and Paragios, 2017; Matl et al., 2017). While some of these
reviews briefly cover prominent regularization methods, no structured
review exists that fully explores the many proposed regularization tech-
niques in both conventional and learning-based medical image registra-
tion algorithms.

In this review, we address this gap by providing the first compre-
hensive overview of regularization techniques in conventional and deep
learning-based image registration. We identify three main categories
(see also Fig. 1): Regularization, which is (I) model based and takes
prior assumptions into account (Section 3.1), (II) problem specific and
incorporates additional knowledge (Section 3.2), and (III) learned from
a training dataset using machine or deep learning models (Section 3.3).

The goals of this review are three-fold. First, we intend to give re-
searchers a structured overview of existing regularization techniques.
Second, we aim to facilitate the transfer of regularization methods
across different registration techniques and applications. To this end,
we examine to what extent regularization techniques have been trans-
ferred to learning-based registration and highlight the emerging field
of learned regularization. Moreover, we discuss open challenges and
promising future directions. Finally, we hope to inspire the research
community to further explore regularization in deep learning-based
image registration, encouraging innovation in this rapidly evolving
field.

The review includes articles published up to October 2024 that
contribute novel methodologies for regularization in pairwise medi-
cal image registration. We searched for papers in Scopus, PubMed
and GoogleScholar using combinations of the keywords "medical im-
age registration", "regulariz(s)ation", "regulariz(s)er", and the terms
presented in Fig. 1. As our focus lies on the regularization aspect,
the proposed taxonomy targets the regularization only, independent
from the registration (where possible). We do not intend to give an
overview of deep learning-based registration methods (refer to the re-
views mentioned above). However, for a better overview, we mention
whether the regularization techniques were initially proposed for con-
ventional or learning-based registration. A collection of valuable code
resources connected to the presented regularization methods can be
found at https://github.com/annareithmeir/regularization-in-medical-
image-registration. The remainder of this review is structured as
follows:

e Section 2: Brief background on medical image registration and reg-
ularization. The mathematical notation used in this review is pre-
sented here;

¢ Section 3: Presentation and discussion of the three main categories
of regularization methods found in the literature; The method trans-
fer from conventional to learning-based registration is also exam-
ined;

e Section 4: Discussion of open challenges and future directions in the

field;

Section 5: Concluding remarks.

2. Background

In this section, we cover the relevant mathematical background, no-
tation, and definitions for image registration, as well as its regulariza-
tion. Image registration: Given two images M, F : Q ¢ RY — R with

€ {2,3}, deformable image registration aims to find an optimal spatial
deformation ¢ : RN — RN, so that F & Mo ¢. Generally, this deforma-
tion is obtained by minimizing the following optimization problem:

L(F, M, ¢) = Lg;jyy(F, Mo ) + aLl p,e(¢). @

Here, Lg;, is a dissimilarity measure that quantifies how well the
deformed moving image Mo¢ matches the fixed image F. Common
choices for Lg;, include the sum of squared distances (SSD) and the
negative normalized cross-correlation (NCC) (Haskins et al., 2020). The
regularization term £ ,, constrains the solution space. This is necessary
since the optimization problem is inherently ill-posed, i.e., multiple so-
lutions can exist. With this term, the registration can be driven towards
a solution with desired properties.

Both terms are balanced by the regularization weight « € R*, which
is a hyperparameter that is typically tuned manually. For high values
of a, the deformation properties are given more importance than the
image alignment. In contrast, for low values, the intensity alignment is
given more weight, and the deformation is more flexible (see Fig. 3 for
an example). For more details on medical image registration in general,
see, e.g., (Rueckert and Schnabel, 2010).

The displacement field Jacobian and its determinant: In de-
formable image registration, the spatial deformation ¢ is typically pa-
rameterized as a discretized displacement field u € R¥>XW &DXN where
a displacement vector is assigned to each voxel position x. The Jacobian
matrix J of u is defined as

du, du,, ou,,
io& &
u u u
J= Uy oty y eIRH)(W(XD))(N)(N (2)
ox dy 0z
ox dy 0z

and contains the first-order partial derivatives of u. An important con-
cept is the Jacobian determinant detJ € R?>*W D) It indicates local vol-
ume and orientation change within a small neighborhood of x:

if detJ(x) - oo,

if detJ(x) > 1,

ifdetJ(x) =1, 3
ifdetJ(x) < 1,

if detJ(x) < 0.

tearing

volume increase
local{ volume preservation

volume decrease

singularity/folding

Folding means that after the deformation is applied, multiple image re-
gions overlap, as visualized in Fig. 3. In this case, the deformation locally
lacks invertibility and orientation preservation. The Jacobian determi-
nant plays an important role not only in the analysis of deformation
fields, e.g., to assess their smoothness, but also for the regularization of
registration techniques.
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Explicit vs. implicit regularization and guidance: We differenti-
ate two kinds of regularization:

o Explicit regularization, which operates on the deformation and comes
in the form of a loss term, and

o Implicit regularization, which arises from the parameterization of the
deformation model.

In conventional registration, explicit regularization is achieved by a
regularizing loss term Lz, (¢) in the objective function Eq. 1 (Fig. 2,
left). In contrast, implicit regularization is achieved, for instance, with
the B-Spline-based transformation parameterization in free-form de-
formations (FFD) (Rueckert, 1999) and coarse-to-fine multiresolution
approaches, as in (Mok and Chung, 2020). They naturally enforce
smoothness without requiring explicit constraints. In learning-based reg-
istration, explicit and implicit regularization is applied during network
training (Fig. 2, top right). At inference time, the regularization is in-
herently incorporated in the trained network weights. (Fig. 2, bottom
right). In the context of learning-based registration, this review focuses
on regularization strategies that constrain the deformation space during
training.

Beyond explicit regularization loss terms, additional guiding loss terms
L 444(+), such as segmentation overlap measures (Balakrishnan et al.,
2019), can indirectly encourage plausible solutions and drive the regis-
tration toward a desired result. Since such guiding terms do not oper-
ate on the deformation field, they are, strictly speaking, not a type of
regularization. However, we believe that guidance approaches can be
equally important in obtaining plausible registration solutions as "real"
regularization, and thus include some widely adopted methods in this
review.

3. Regularization techniques in medical image registration

Within the medical image registration literature, three main cate-
gories regarding regularization methods can be identified:

e Category I: Model based regularization with prior assumptions (Sec-
tion 3.1). This type of regularization models user-defined assump-
tions about the deformation properties, such as smoothness, inverse-
consistency, invertibility, diffeomorphisms, volume preservation, or
based on physical principles. It is applied globally, i.e., the same reg-
ularization is applied similarly at every location of the image.
Category II: problem specific regularization with prior data knowledge
(Section 3.2). This type of regularization enriches the registration
process with a priori available knowledge about the data. On the
one hand, this can be spatial information about the image content,
which allows for modeling structure specific deformation properties
and preserving intra-organ topology. On the other hand, this can be
information about the clinical context of the data or the physiology of
the organ in focus. For example, the knowledge that the data consists
of pre- and post-operative images indicates the presence of missing
regions, and the knowledge that the images are inhale-exhale lung
image pairs suggests to model sliding motion of the lung. Problem
specific regularization is spatially adaptive, meaning that it depends
on the image location and can adapt to local properties.

Category III: Learned regularization (Section 3.3). This type of regular-
ization is data-driven and learns the deformation properties directly
from a training dataset. It is often spatially adaptive and is learned ei-
ther independently before being applied in the registration or jointly
alongside the registration. Learned regularization is typically param-
eterized as a deep learning model.

As becomes clear, the amount of prior information included in the regu-
larization increases from category I to IIl. An overview of the proposed
taxonomy is shown in Fig. 1, and the three categories are presented in
the following.

Medical Image Analysis 108 (2026) 103854

3.1. Model based regularization with prior assumptions

In this section, we present and discuss model based regulariza-
tion techniques, organized by the deformation properties they en-
force. Model based regularization imposes a user-defined model on the
deformation properties and is governed by prior assumptions, such as
deformation invertibility or physical principles. These regularization
methods are uniformly applied across the image domain. Tab. 1 sum-
marizes the most prominent model based techniques.

3.1.1. Smoothness

A spatially smooth deformation changes gradually across the im-
age, where neighboring image locations deform similarly and no abrupt
changes or folding are present (see Fig. 3). This property is partic-
ularly desirable, as most biological tissues deform smoothly. Among
the various methods for enforcing smoothness, explicit diffusion reg-
ularization is perhaps the most widely used method in image registra-
tion. It promotes smoothness by penalizing the L,-norm of the spatial
deformation gradient. Originating from the optical flow estimation of
Horn and Schunck (1981), it is found in many state-of-the-art regis-
tration frameworks, including, e.g., VoxelMorph (Balakrishnan et al.,
2019). Alternatively, smoothness regularization can be achieved using
a Gaussian kernel, as demonstrated in the well-known Demons algo-
rithm (Thirion, 1998). While diffusion regularization considers first-
order derivatives, curvature regularization (Fischer and Modersitzki,
2004) leverages second-order derivatives to approximate the curvature
of the displacement components. Recently, Song et al. (2023) proposed
using average pooling layers within registration networks to enforce
smoothness, encouraging voxel displacements to align with the mean
displacement in their neighborhood.

Smoothness can also be imposed implicitly through the transfor-
mation model. For instance, free-form deformation (FFD) registration
(Rueckert, 1999) parameterizes the deformation with cubic B-splines,
which are inherently smooth. Extensively applied in conventional
registration, FFD registration has also been successfully adapted to
learning-based frameworks, such as in Qiu et al. (2021). Moreover,
multiresolution registration strategies, which derive high resolution de-
formations from coarser levels, impose smoothness implicitly and are
widely regarded as state-of-the-art, particularly in learning-based regis-
tration. Training strategies range from separately training each resolu-
tion level (de Vos et al., 2019; Hering et al., 2019; Mok and Chung, 2020;
Gu et al., 2021) to end-to-end training across all levels (Fu et al., 2018;
Wodzinski et al., 2021; Yang et al., 2022; Ma et al., 2023). Beyond im-
age resolution, multiresolution schemes have been extended to feature
resolution Wang et al. (2023b). For spatio-temporal 4D (3D +t) data,
smoothness can be extended to the temporal dimension. Examples in-
clude spatio-temporal Gaussian filters (Shen et al., 2005), B-spline trans-
formation models (Perperidis et al., 2005), and multiresolution schemes
(Aggrawal et al., 2020).

3.1.2. Invertibility

Most biological tissue deformations observed in the human body are
inherently reversible. According to the inverse function theorem, a de-
formation is locally invertible if the Jacobian determinant detJ is posi-
tive, indicating the absence of folding. One of the first methods to ensure
local invertibility involves monitoring detJ throughout the registration
process and re-gridding the image whenever it approaches zero, fol-
lowed by restarting the optimization (Christensen et al., 1996). Explicit
invertibility regularization includes applying penalties to areas that lo-
cally collapse to zero volume (Edwards et al., 1998), to very small values
of detJ (Christensen and Johnson, 2001), or constraining detJ to remain
within a pre-defined positive range (Haber and Modersitzki, 2007).

Invertibility of FFD B-spline deformations can be achieved by con-
straining detJ at the control points to be above a positive threshold while
penalizing large displacement derivatives between control point loca-
tions (Sdika, 2008). Alternatively, the difference between neighboring
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Fig. 4. Model based regularization — Inverse- vs. cycle-consistency: Inverse-
consistency ensures that the forward and backward deformations are inverses of
each other. Cycle-consistency ensures that a forward-backward deformed image
resembles the original image.

spline coefficients can be constrained, as proposed in Chun and Fessler
(2008). Recently, Huang et al. (2024) introduced a topology-preserving
regularization using Beltrami coefficients, which quantify local distor-
tions.

Explicit invertibility regularization has also been effectively incor-
porated into learning-based registration. For instance, folding can be
mitigated by applying a rectified linear unit (ReLU) activation function
to —detJ (Mok and Chung, 2021b; Zhu and Lu, 2022) or by penalizing
the sum of negative —detJ values within the training loss function (Esti-
enne et al., 2021). Pal et al. (2022) eliminate folding by reconstructing
the predicted deformation from the matrix exponential of its Jacobian.
This reconstruction inherently ensures positive detJ, and the reconstruc-
tion loss is seamlessly integrated as an explicit regularization term in the
training loss function.

3.1.3. Inverse-consistency and cycle-consistency

The existence of an inverse deformation does not necessarily guaran-
tee its plausibility. To ensure meaningful results, the forward deforma-
tion ¢, (from M to F) should be the exact inverse of the backward
deformation ¢ r_ ,, (from F to M), making the registration independent
of the order in which the two images are processed (see Fig. 4). This
property, called inverse-consistency (IC), can be explicitly enforced by
penalizing deviations between the identity and the composed forward-
backward deformation. Originally proposed for conventional registra-
tion in Christensen and Johnson (2001), Leow et al. (2005), it has since
been adapted to learning-based registration (Zhang, 2018; Shen et al.,
2019a; Estienne et al., 2021; Greer et al., 2021). Moreover, IC regular-
ization can be found in symmetric registration, which simultaneously
optimizes both registration directions, e.g., in the registration network
of Sha et al. (2024). While some symmetric methods calculate the IC
loss with the inverses of the estimated deformations (Zhang, 2018; Shen
et al., 2019a), Leow et al. (2005) model the backward deformation by
inverting the forward deformation to reduce computational effort.

Recent advancements extend inverse-consistency regularization to
learning-based registration. Zhang et al. (2023) introduce a robust IC
loss that averages the predicted forward and inverted backward defor-
mations, while Duan et al. (2023a) relax the IC constraint proportionally
to the deformation magnitude. The GradICON regularization (Tian et al.,
2023) departs from previous methods by explicitly penalizing deviations
of the gradient of the forward-backward composition from the identity
deformation. This maintains good IC properties while showing much
better training convergence. Multiresolution registration networks with
built-in IC and symmetry properties have been recently proposed (Greer
et al., 2023; Honkamaa and Marttinen, 2024).

While IC considers the deformation space, the same effect can be
achieved by posing constraints in image space instead, a concept called
cycle-consistency (CC). Here, an image should remain unchanged af-
ter the combined forward-backward deformation is applied (Fig. 4).
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This is typically achieved with a guidance loss that penalizes deviations
between the original and the forward-backward deformed image. CC
guidance is commonly incorporated in the training loss of a registra-
tion network, e.g., in Lu et al. (2019), Kim et al. (2021), Nazib et al.
(2021), Huang et al. (2021), Zhou et al. (2023), and incorporated in
advanced network architectures such as cycle-GANs (Mahapatra et al.,
2018; Zheng et al., 2022), symmetric attention layers (Gao et al., 2022),
and cycle-consistent implicit neural representations (van Harten et al.,
2024).

3.1.4. Diffeomorphisms

A diffeomorphic deformation is not only smooth but also constitutes
a one-to-one mapping with a smooth inverse. As a homeomorphic trans-
formation, it preserves the underlying topology, which is essential given
that anatomical structures generally maintain their topology during de-
formation. As it equally ensures smoothness, invertibility, and topology
preservation, diffeomorphism regularization can be useful.

A common approach for achieving diffeomorphisms is implicit regu-
larization via the transformation model. The space of diffeomorphisms
forms a Riemannian manifold, and the registration problem can be
viewed as the search for the shortest geodesic (which can be consid-
ered as identifying the least distorted diffeomorphic deformation). This
geometric optimization is typically formulated as ordinary differential
equations (ODEs) based on smooth stationary velocity fields (SVF) (Ar-
signy et al., 2006) or time-dependent velocity fields, as in the large de-
formation diffeomorphic metric mapping (LDDMM) (Beg et al., 2005;
Ashburner and Friston, 2011). To ensure the necessary SVF smooth-
ness, the diffusion regularizer or constraints on detJ can be addition-
ally applied (Dupuis et al., 1998; Beg et al., 2005). The optimized SVF
is then integrated over time to obtain the displacement field, e.g., with
the scaling-and-squaring method (Arsigny et al., 2006).

The optimization on the manifold of diffeomorphisms is computa-
tionally demanding. Thus, the log-Euclidean framework (Arsigny et al.,
2006) performs the optimization in the Euclidean tangent space of
the manifold. Several well-established conventional registration meth-
ods leverage diffeomorphisms, such as symmetric normalization (SyN)
(Avants et al., 2008), which optimizes both images towards the mean
image, and diffeomorphic Demons (Vercauteren et al., 2009). A geodesic
shooting approach was proposed in Ashburner and Friston (2011),
which optimizes only the initial momentum SVF and an IC regulariza-
tion within diffeomorphic registration is found in Beg and Khan (2007).

Diffeomorphic registration has been well transferred to learning-
based registration. For instance, the registration networks in Krebs et al.
(2018), Dalca et al. (2019), Mok and Chung (2020) predict SVFs and
integrate them with a differentiable scaling-and-squaring integration
layer. Learning-based adaptations have furthermore been developed
for, e.g., the mean-image approach of SyN (Mok and Chung, 2021b;
Ma et al., 2023) and geodesic shooting (Shen et al., 2019a; Ramon-
Julvez et al., 2024). Recent advancements include imposing inverse-
consistency within diffeomorphic registration with a vision transformer
architecture (Xu et al., 2023), employing Lipschitz-continuous ResNet
blocks to numerically approximate the flow field ODE (Joshi and Hong,
2022), and leveraging time-embedded networks (Matinkia and Ray,
2024).

3.1.5. Volume preservation and incompressibility

Many biological tissues are (nearly) incompressible, meaning they
maintain their volume under pressure. This applies particularly to or-
gans with high water or blood content, such as cardiac muscle (Bistoquet
etal., 2008) and the liver (Hinkle et al., 2009). Volume changes of defor-
mations are quantified by the Jacobian determinant derJ where perfect
volume preservation is achieved for detJ = 1. (see Eq. 3). A straight-
forward method to enforce volume preservation explicitly is to penal-
ize deviations of detJ from unity (Haber and Modersitzki, 2004). To
equally penalize both expansion (detJ > 1) and compression (detJ < 1),
Rohlfing et al. (2003) use the logarithm of detJ. Extensions to the above
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Model based regularization: Overview of model based regularization with prior assumptions about the deformation properties. The type of regular-

ization (Ml = explicit, = implicit, ™ = guidance) and registration framework in which the respective approach has been originally proposed (
= conventional, ® = deep learning-based) are given. For simplicity, we omit Jo - dx. Notation: exp =matrix exponential, || - ||, = Frobenius norm,
o u=0,u, 0/2/u =02 u, len(u) = ||[Vu- ||, cof=cofactor, surfu) = (||cofVu||3% — 3)?, vol(u) = ((det] — 1)*/det])?, div(u)= divergence compo-

nent, curl(u)= curl component.

deformation

registration

property reference type approach regularization term framework
(Horn and Schunck, 1981) [ ] diffusion/L,-norm Z[ ||Vu,||§
(Thirion, 1998) [ Gaussian kernel
(Fischer and Modersitzki, 2004) [} curvature >N (Vu2y?
smoothness . ! !
(Song et al., 2023) [} average pooling layer [ ]
e.g. in (Mok and Chung, 2020) multiresolution registration
Rueckert, 1999 B-spline FFD
p
Christensen and Johnson, 2001 avoid negative detJ (1/detd)?
|
(Christensen et al., 1996) monitor detJ & re-grid
invertibility (Mok and Chung, 2021b) [} penalize negative detJ ReLU(—detJ) ]
(Estienne et al., 2021) [} penalize negative det] max(0, —detJ) ]
Pal et al., 2022 matrix exp. reconstruction N exp(J) = J; 2
[ | i il [ |
(Christensen and Johnson, 2001) [} forward-backward loss [up - poupy — I
in\{erse (Tian et al., 2023) [} GradICON V@ pougp ) =113 ]
consistency e.g. in (Lu et al., 2019) cycle-consistency loss [IM — Mouy,_, poug_ | ]
(Arsigny et al., 2006) stationary velocity field (SVF)
diffeomorphism (Beg et al., 2005) time-dependent velocity field
(Ashburner and Friston, 2011) momentum-based SVF
(Rohlfing et al., 2003) ] penalize det] # 1 ||log(detd)||
Haber and Modersitzki, 2004 penalize det] # 1 det] — 1
[ |
volume Saddi et al., 2007 divergence-free deformations
. g
preservation (Bistoquet et al., 2008) divergence-free basis functions
(Fidon et al., 2019) divergence-conforming B-splines
o (Chumchob, 2013) | anisotropic TV/L;-norm YVl
disco:;?\uities (Vishnevskiy et al., 2017) [} isotropic TV \/Zx V,u,
(Duan et al., 2023b) B higher-order TV NV
(Nie and Yang, 2019) bounded deformations
Rueckert, 1999 bending energy V@2u? + YV 202 u)?
. i ii ij ij
(Bookstein, 1989) bending energy
(Broit, 1981) [ linear elasticity £ Zx(d‘v/u+ 0;u)* + %(div u)?
physics inspired (Christensen, 1994) B viscous fluid 4PN 0,v+0,v + S (div v)?
(Burger et al., 2013) [ ] hyper-elasticity len(u) + surf(u) + vol(u)
(Arratia Lépez et al., 2023) [} hyperelastic PINN ]
Yang et al., 2022 compressed regularization
[ | [ |
(Tzitzimpasis et al., 2024) [ | divergence-curl regularization || Vdiv(w)||?> + || Veurl()||? |

constraints include a relaxed volume preserving regularization that al-
lows volume shrinking and growth within a certain range (Li et al.,,
2024) and spatiotemporal volume preservation constraints (Zhao et al.,
2016).

A different explicit approach to enforcing incompressibility is con-
straining deformations to be divergence-free. This implies volume
preservation since the vector field divergence measures the extent to
which each voxel behaves as a source. Divergence-free deformations
can be achieved with the Helmholtz decomposition, which splits defor-
mations into curl- and divergence-free components (Saddi et al., 2007;
Mansi et al., 2011). Alternatively, transformation parameterizations us-
ing divergence-free radial basis functions (Bistoquet et al., 2008) or
divergence-conforming B-splines (Fidon et al., 2019) can be employed
for implicit regularization.

While incompressibility regularization is well studied in conven-
tional registration, it is less frequently applied in learning-based reg-
istration. A notable exception is the physics-informed neural network
(PINN, see Section 3.1.7) of Arratia LA3pez et al. (2023), which penal-
izes deviations of detJ from unity in the training loss function.

3.1.6. Discontinuities

While many regularization techniques aim to enforce spatial
smoothness, there are scenarios where allowing locally discontinuous
deformations is more appropriate. Discontinuities are, for example,

observed at organ boundaries (Nie and Yang, 2019). A popular method
that models local discontinuities is total variation (TV) regularization,
which originates from works on image noise removal (Rudin et al.,
1992) and optical flow estimation of overlapping objects (Sun et al.,
2010). TV regularization, based on the L,-norm of the deformation gra-
dient, smoothens regions with little variation while preserving edges
and discontinuities. However, its non-differentiability at zero poses a
challenge for gradient-based optimization. To address this, smooth ap-
proximations (Sun et al., 2010) or duality-based optimization schemes
(Pock et al., 2007) have been proposed.

In its standard formulation, TV regularization treats each gradient di-
rection independently, which is why it is also referred to as anisotropic
TV regularization (Chumchob, 2013; Vishnevskiy et al., 2017). In con-
trast, isotropic TV regularization (Zhang et al., 2016; Vishnevskiy et al.,
2014, 2017) couples the gradient directions, making it better suited for
non-axis aligned motion. Higher-order TV regularization can be found
in Duan et al. (2023b).

Unlike the explicit approaches above, Nie and Yang (2019) implic-
itly model local discontinuities by parameterizing the transformation
with functions of bounded deformations (Nie and Yang, 2019). Overall,
global discontinuity-preserving regularization has limited application
in conventional and learning-based registration. However, it is founda-
tional for many spatially adaptive extensions that accommodate sliding
motion (see Section 3.2.2).
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3.1.7. Physics and biomechanics inspired properties

Human organs conform to physical and biomechanical principles,
inspiring various regularization approaches that constrain deformations
to align with these properties. Physics inspired regularization typically
models the moving image M as a physical object to which external
forces are applied at every location. The resulting deformation depends
on the material properties of the object. This is often modeled as a metal
sheet, an elastic object, or a viscous fluid.

The original implicit bending energy (BE) regularization in the 2D
thin-plate splines registration (Bookstein, 1989) models M as a thin
metal sheet and minimizes the energy required for bending it based
on keypoint correspondences. Its explicit 3D equivalent has been for-
mulated in the FFD registration (Rueckert, 1999). Alternatively, M can
be modeled as an elastic object (Broit, 1981) or viscous fluid (Chris-
tensen, 1994) with explicit regularization. The linear elastic regulariza-
tion introduced by Broit (1981) assumes a linear relationship between
the strain (relative deformation) and stress (internal force). Recently,
Ringel et al. (2023) proposed regularized Kelvinlet functions as an im-
plicit method to model linear elasticity. Kelvinlet functions are analyt-
ical solutions to the linear elastic partial differential equation (PDE),
and for registration, their optimal superposition is identified. Hypere-
lastic regularization relaxes the linearity assumption and allows more
flexibility (Rabbitt et al., 1995; Burger et al., 2013).

While suitable for small deformations, elasticity regularization ac-
cumulates energy with increasing external forces. In comparison, vis-
cous fluid regularization (Christensen, 1994) does not accumulate in-
ternal energy, making it suitable for large deformations. Both elastic
and fluid regularization are based on the Navier-Stokes/Navier-Cauchy
PDEs, with elastic regularization operating on displacement fields u and
fluid regularization on velocity fields v. The elasticity and viscosity prop-
erties are governed by two physical parameters A, u € R (see Tab. 1).
Typically, isotropy and homogeneity of the material are assumed, mean-
ing the material properties are independent of location and direction.

Several learning-based registration frameworks have incorporated
physics inspired regularization. Examples include analytical hypere-
lasticity equilibrium gap regularization, which penalizes deviations
from equilibrium during training (Alvarez and Cotin, 2024), and us-
ing physics-informed neural networks (PINNs), which learn data-driven
solutions to PDEs. In the context of registration, PINNs have been em-
ployed to model linear elasticity (Min et al., 2023) and hyper-/non-
linear elasticity (Arratia LA®pez et al., 2023; Min et al., 2024). They
are optimized for each image pair individually. Apart from that, Yang
et al. (2022) introduced a compressed regularization approach based on
fluid mechanics. This method suppresses folding in regions of high com-
pression, by treating deformation grid intersections as fluid molecules.
Recently, Tzitzimpasis et al. (2024) have proposed a divergence-curl
regularization that enforces smoothness in the divergence and curl com-
ponents of the deformation individually, adhering to the physical prin-
ciples of fluid flow.

3.1.8. Discussion

Model based regularization forms the foundation of many image reg-
istration techniques. The primary goal of most methods - including
smoothness, invertibility, inverse-consistency, cycle-consistency, and
diffeomorphic regularization — is to ensure global smoothness, prevent
folding, and preserve the overall topology. Yet, their successful applica-
tion requires careful consideration.

Smoothness regularization can improve the robustness and speed of
the registration, for instance, in multiresolution registration. Yet, exces-
sive regularization may lead to over-smoothing, compromising align-
ment precision. To balance the trade-off between smoothness and reg-
istration accuracy, precise tuning of the regularization weight a (see
Eq. 1, Fig. 3) is essential. Invertibility constraints have been shown to
effectively mitigate folding artifacts without affecting registration met-
rics like the Dice score (Estienne et al., 2021; Pal et al., 2022). While
inverse-consistency is computationally demanding due to the inversion

Medical Image Analysis 108 (2026) 103854

operation in every optimization iteration, cycle-consistency provides a
more efficient alternative in terms of time and memory (Zhou et al.,
2023).

Despite the theoretical guarantees of diffeomorphic regularization,
minor folding may still occur in practice due to numerical errors (Avants
et al., 2008; Ashburner and Friston, 2011; Dalca et al., 2019; Mok and
Chung, 2021b). While the differentiable scaling-and-squaring layer of
(Dalca et al., 2019) facilitates the incorporation of diffeomorphic regis-
tration into learning-based registration approaches, the computational
cost of velocity field integration remains challenging. As a result, down-
sampling of the velocity field is often used, for instance, in (Dalca
et al., 2019), which can reduce the accuracy of high-resolution regis-
tration. Recent approaches, such as ResNet-based methods (Joshi and
Hong, 2023b) or time-embedded networks (Matinkia and Ray, 2024),
avoid scaling-and-squaring altogether and offer full-resolution integra-
tion without substantial computational overhead.

TV regularization, while effective for local discontinuities, faces the
challenge of non-differentiability at zero, complicating its integration
in gradient-based optimization and neural network training. Physics in-
spired regularization methods offer a theoretically grounded approach;
however, these methods assume isotropic and homogeneous tissue prop-
erties, which may not hold for complex biological structures. Further-
more, the selection of values for the physical parameters 4, u (Tab. 1) is
arbitrary and frequently lacks justification, limiting both interpretability
and generalizability (Christensen et al., 1996; Min et al., 2023). Over-
all, some general properties like smoothness, invertibility, and inverse-
consistency are widely applicable across different anatomic structures.
However, more specialized constraints, such as incompressibility or
physics inspired regularization, are best suited for targeted applications
where some high level information about the data is given. For exam-
ple, global incompressibility can benefit the registration of contrast-
enhanced images to prevent lesions of interest from shrinking during
the registration process (Tanner et al., 2000; Rohlfing et al., 2003).

Many model based regularization methods have been effectively
adapted to learning-based registration. The most prominent approaches
include explicit regularization in the training loss function, as well as
implicit smoothness regularization via multiresolution schemes and B-
spline parameterization. However, methods for discontinuity preserva-
tion, incompressibility, and physical properties remain underexplored
in learning-based settings despite their extensive development in con-
ventional registration.

In conclusion, model based regularization methods provide a pow-
erful framework for enforcing deformation properties based on prior as-
sumptions. However, they require careful tuning and only have limited
flexibility due to their global application. As we will see in the follow-
ing sections, model based regularization serves as the basis for problem
specific and learned regularization, and maintains its essential role in
the ongoing advancements of medical image registration.

3.2. Problem specific regularization with prior knowledge

This section presents regularization tailored to particular registration
problems, organized according to the corresponding registration tasks.
While model based regularization (Section 3.1) imposes global defor-
mation properties based on user assumptions, the methods in this section
enrich the registration process with data-specific knowledge. Often, this
includes spatial information, which makes the regularization spatially
varying and adaptive to local characteristics. Additionally, knowledge
about the clinical context and physiology of the anatomical structures
can be used.

We divide problem specific methods into three categories of regis-
tration problems that require specific regularization: Registration of im-
ages with (i) multiple structures (Section 3.2.1), (ii) organs that exhibit
special motion properties (Section 3.2.2), and (iii) changing topologies
(Section 3.2.3). These are presented in the following and visualized in
Fig. 5.
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Fig. 5. Problem specific regularization: Depending on the registration problem and data, different deformation properties may arise. With data-specific information,
such as segmentation maps, regularization can locally account for suitable deformation properties. Images are taken from the Learn2Reg abdominal CT (Xu et al.,
2016), NLST (National Lung Screening Trial Research Team (2011)), BraTS (Baid et al., 2021), and ACDC (Bernard et al., 2018) datasets.

3.2.1. Multi-structure registration

Multi-structure registration aims to accurately align multiple
anatomical structures within one image (see Fig. 5, top left). This is
commonly encountered at the organ level, as in abdominal and chest
registration, or at the sub-organ level, such as in brain registration. Two
key challenges arise in these scenarios: The variability of deformation
properties of individual structures and overall topology preservation of
the structures, including their relative positions within the body and in-
dividual shapes. An overview of the methods discussed in this section is
shown in Table 2.

Structure specific deformation properties: To address varying de-
formation properties across different structures, regularization can be
employed that enforces structure specific smoothness, physical proper-
ties, or rigidity. Spatially adaptive smoothness is concerned with locally
adapting the amount of smoothness. This can be achieved with a Gaus-
sian smoothing kernel that adapts its size and shape to local image prop-
erties, such as the eigenvalues and -vectors of the image structure tensor
(Forsberg et al., 2010) or the uncertainty of the local displacement mag-
nitude (Wei et al., 2022). Freiman et al. (2011) derive local anisotropic
smoothing from local affine transformations. Neighboring transforma-
tions with minimal differences are smoothed more since they are consid-
ered to belong to the same structure. Similarly, locally adaptive Gaussian
filters have been proposed that only target areas with folding, indicated
by negative values of detJ (Wang et al., 2023d).

Apart from adapting the regularization, another possibility is to
extend the scalar regularization weight « in Eq. 1 to a location de-
pendent weight map A(x) € RIXWXD) Stefanescu et al. (2004) de-
rive a map from local intensity variations and apply more smoothing
to regions with small variations. Learning-based registration methods
have adopted spatially adaptive regularization weights, e.g. in Ye et al.
(2023), where a weight map is based on the predicted deformation dur-
ing the training process. More smoothing is applied to image locations
at which small displacements are predicted. Beyond smoothness, struc-
ture dependent incompressibility and anti-folding constraints have been
proposed within the training loss of a registration network (Wei et al.,
2022).

Moreover, it may be beneficial to model structure specific physical
properties. Physical properties, such as elasticity, not only vary across
structures but also between healthy and pathological tissues. For exam-
ple, increased stiffness is observed for fibrotic lung and liver tissue (Tal-
walkar, 2008; Haak et al., 2018). A straightforward approach to model
local physical properties involves using location dependent physical pa-
rameters A(x), u(x) within physics inspired regularization (see tab. 1).
This has been proposed for linear elastic (Kabus et al., 2005; Risholm

et al., 2010; Drakopoulos et al., 2014) and viscous fluid regularization
(Lester et al., 1999). An alternative approach registers each structure
individually using global model based linear elastic regularization. The
obtained local deformations are then fused into a single global transfor-
mation (Brock et al., 2005).

For images containing rigid structures, local rigidity regularization is
necessary to ensure rigid deformations of rigid structures while allowing
nonlinear deformations of surrounding soft tissue. This is encountered,
for instance, with the skull in head-neck (Little et al., 1997) or the ribs
in lung registration (Baluwala et al., 2011). Also, local rigidity may be
desired for the registration of tumors to allow a manual comparison
by an expert (Tanner et al., 2000; Staring et al., 2007a,b). An implicit
approach to address local rigidity is the spatially varying parameteri-
zation of the deformation model. For example, in Little et al. (1997)
and Greene et al. (2009) the structures are individually registered with
either rigid/affine or nonlinear deformations depending on their char-
acteristics before being fused into a global deformation. To assist the
fusion process, nonlinear deformations can be additionally constrained
to vanish near the boundaries of rigid structures (Greene et al., 2009).
Further extensions include fuzzy rigid regions that are parameterized
by Gaussians centered around anchor points (Arsigny et al., 2005) and
ensuring global invertibility of the fused deformation in log-Euclidean
polyaffine approaches (Commowick et al., 2008; Arsigny et al., 2009).
Locally rigid FFD registration is obtained with control point coupling
within each rigid region in Tanner et al. (2000).

Explicit regularization methods include the use of spatially varying
weight maps that locally switch between different types of transforma-
tions, (rigid, fluid, and soft tissue deformations) (Edwards et al., 1998),
and the successive application of a smoothing filter that averages the dis-
placements and converges to a constant displacement within each rigid
region (Staring et al., 2007a). The latter approach has been combined
with linear elasticity regularization in Baluwala et al. (2011).

To promote local rigidity, explicit variational loss terms can be fur-
ther employed based on the Jacobian determinant detJ. A deformation
is locally rigid if detJ is orthogonal, i.e., (detJ)" det] = 1. Consequently,
local deviations of detJ from orthogonality are be penalized in rigid re-
gions in Loeckx et al. (2004), Ruan et al. (2006). Building upon this, the
constraints proposed by Staring et al. (2007b), Modersitzki (2008) addi-
tionally enforce local affine-ness and orientation-preservation by penal-
izing deviations of the second-order derivatives 9*u from zero, as well as
deviations of detJ from unity. This combination of constraints shows bet-
ter local rigidity preservation than their individual application. Haber
et al. (2009) have proposed a further method that guarantees local
rigidity by reformulating locally rigid registration as an unconstrained
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Table 2
Problem specific regularization methods — Multistructure registration (Ml = explicit, = implicit, ™ = guidance, "' = conventional, ™ = learning-
based, abd. = abdominal, seg. = segmentation, reg. = registration).
registration reference type approach modality and registration
problem yp PP anatomy framework
(Forsberg et al., 2010) [ size-adaptive Gaussian kernel brain MR
(Wei et al., 2022) | size-adaptive Gaussian kernel brain MR [
(Freiman et al., 2011) ] anisotropic diffusion abd. CT
(Wang et al., 2023d) [ ] Gaussian smoothing in folding regions liver CT /brain MR [}
(Stefanescu et al., 2004) [ ] varying smoothing weight brain MR
(Ye et al., 2023) [} varying smoothing weight cardiac MR/US [
(Wei et al., 2022) [ ] region-wise incompressibility brain MR [
(Kabus et al., 2005) [ ] varying elasticity parameters toy data
o (Risholm et al., 2010) [} varying elasticity parameters brain MR
% (Drakopoulos et al., 2014) [ ] varying elasticity parameters brain MR
g_g_"} (Lester et al., 1999) [ ] varying viscosity parameters neck MR
E ?g (Brock et al., 2005) varying elasticity parameters lung/abd. MR
29 (Little et al., 1997) region-wise then fuse neck MR
5 & (Greene et al., 2009) region-wise then fuse prostate CT
kI (Chen et al., 2021) region-wise then fuse cardiac MR [
(Arsigny et al., 2005) poly-rigid hist. slices
£ (Commowick et al., 2008) poly-rigid/affine brain MR/abd. CT
5 (Edwards et al., 1998) varying transformations brain MR
b= (Tanner et al., 2000) locally rigid FFD breast MR
B (Staring et al., 2007a) [} successive smoothing in rigid regions lung CT
° (Loeckx et al., 2004) | orthogonality constraint on detJ full-body PET
3 (Ruan et al., 2006) [ ] orthogonality constraint on detJ lung CT
§ (Staring et al., 2007b) [ ] affine and orthonormality constraints lung CT
B (Modersitzki, 2008) [ ] affine and orthonormality constraints knee CT
35 (Haber et al., 2009) [ | reformulation of local rigidity constraints toy data
E (Hu et al., 2018c) Dice in training loss prostate MR/US [ ]
(Balakrishnan et al., 2019) Dice in training loss brain MR [}
(Mok and Chung, 2021c) Dice in training loss abd. CT/brain MR [}
(Lu et al., 2023) Dice in training loss cardiac MR [
(Mahapatra et al., 2018) joint reg. + seg., multitask CycleGAN lung x-ray [}
(Khor et al., 2023) joint reg. + seg., cross-task attention brain/uterus MR [
(Estienne et al., 2019) joint reg. + seg., multi-decoder branches brain MR [}
c (Elmahdy et al., 2021) joint reg. + seg., multi-decoder branches prostate CT [ ]
o -,% (Xu and Niethammer, 2019) joint reg. + seg., multi-network brain/knee MR [
E % (Chen et al., 2022) joint reg. + seg., multi-network cardiac MR [}
S a (Raveendran et al., 2024) joint reg. + seg., multi-network lung CT/abd. MR ]
=
E a (GroRbréhmer, 2024) learned segmentation encodings abd. CT/MR [}
= ? (Riihaak et al., 2017) keypoint constraints lung CT
E 3 (Papenberg et al., 2009) keypoint constraints liver MR/CT
K] (Kearney et al., 2014) keypoint constraints head/neck CT
(Matkovic et al., 2024) keypoint constraints lung CT ]
(Heinrich et al., 2015) keypoint graph lung CT
ansen and Heinrich, eypoint grap ung
H d Heinrich, 2021 k i h | cT [
(Heinrich and Hansen, 2022) keypoint graph abd./lung CT ]
(Wang et al., 2023a) joint keypoint learning and matching brain MR [
(Wang et al., 2024) joint keypoint learning and matching brain MR [

problem. It parameterizes rigid deformations directly at pixel locations
of rigid structures.

Despite extensive exploration in conventional registration frame-
works, local rigidity is less commonly adapted to learning-based set-
tings. A notable exception is the work of Chen et al. (2021), where a mul-
tichannel registration network predicts structure specific velocity fields
that are fused together. Since no smoothing is applied during fusion,
local discontinuities are preserved at the organ boundaries. Structure
specific physical properties remains equally unexplored.

Multi-structure topology and shape preservation: Under natural
body motion, the relative positions and shapes of the individual struc-
tures should remain consistent. Consequently, preserving the overall
inter-structure topology and shapes is critical in multistructure registra-
tion. Segmentation maps are particularly useful for guiding registration
tasks since they provide detailed location and shape information. By
directly incorporating segmentation maps in the optimization process,
robustness to variations in image intensity and complex deformations
can be increased.

The state-of-the-art approach to incorporating segmentation maps
for image registration uses overlap measures as guiding loss terms in
the objective or training function. Typically, the Dice score is used,
as is frequently found in learning-based registration, e.g., in Hu et al.
(2018c,b), Balakrishnan et al. (2019), Mok and Chung (2021c), Lu
et al. (2023). Since ground truth segmentations are required during
training, this is called weak supervision. To alleviate this requirement,
other works adopt multitask strategies to jointly learn the segmenta-
tion and registration from input images. This approach has been im-
plemented across various network architectures, including CycleGANs
(Mahapatra et al., 2018), cross-task attention mechanisms (Khor et al.,
2023), encoder-decoder architectures with dual decoder branches (Esti-
enne et al., 2019; Elmahdy et al., 2021) and paired networks that in-
teract during training (Xu and Niethammer, 2019; Chen et al., 2022;
Raveendran et al., 2024). Notably, Khor et al. (2023) propose a net-
work that locally adapts the influence of segmentation guidance on the
registration based on the segmentation overlap, enhancing registration
performance.
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Table 3
Problem specific regularization methods — organ specific registration (Ml = explicit, = implicit, = conventional, ™ = learning-based, abd. =
abdominal, Id. = identity).
registration modality and registration
problem reference type approach anatomy framework
(Yin et al., 2010) ] suppress smoothing near boundary lung CT
(Jud et al., 2017b) | suppress smoothing near boundary lung CT
(Heinrich et al., 2010) ] L,-norm lung CT
(Gong et al., 2020) [ ] L,-norm lung CT/PET
(Duan et al., 2023c) ] L,-norm, boundaries are learned lung CT ]
(Luo et al., 2023) [} L,-norm lung CT [
(Ruan et al., 2008) [ ] anisotropic diffusion lung CT
(Schmidt-Richberg et al., 2009) ] anisotropic diffusion lung CT
(Pace et al., 2011) [} anisotropic diffusion lung CT
(Pace et al., 2013) [ ] anisotropic diffusion lung CT
(Tanner et al., 2013) ] anisotropic diffusion abd. MR
(Delmon et al., 2011) [ ] anisotropic diffusion lung CT
- (Risser et al., 2013) ] anisotropic diffusion lung CT
2 (Jud et al., 2016) ] anisotropic diffusion lung CT
g (Schmidt-Richberg et al., 2012) [ ] anisotropic diffusion lung CT
g w (Risser et al., 2011) region-wise in tangential direction lung CT
E 5 (Papiez et al., 2014) [ bilateral filter lung CT
& Il (Papiez et al., 2015) [ ] adaptive Gaussian filter liver CT
@“ (Papiez et al., 2018) ] adaptive Gaussian filter lung CT/liver MR
o (Berendsen et al., 2014b) region-wise then fuse, boundary constraint lung CT
:§ (Derksen et al., 2015) region-wise then fuse, boundary constraint lung CT
> (Preston et al., 2016) region-wise then fuse, label constraint lung CT
< (Eiben et al., 2018) region-wise then fuse, boundary constraint lung CT
%0 (Ruan et al., 2009) [ ] constraints on Helmholtz-Hodge components lung CT
(Ai et al., 2019) ] constraints on Helmholtz-Hodge components abd. CT
(Sandkiihler et al., 2018) ] graph diffusion, zero cross-boundary weights lung CT
(Jud et al., 2018) | graph TV lung CT
(Andrade and Hurtado, 2021) ] elasto-plasticity lung CT
(Ng and Ebrahimi, 2020) ] penalize non-parallel motion lung CT [ ]
(Lu et al., 2023) | suppress smoothing near boundaries cardiac MR [ |
(Shen et al., 2005) ] smoothness between last/first image cardiac MR
(Ledesma-Carbayo et al., 2005) ] smoothness between last/first image cardiac US
c (Metz et al., 2011) ] smoothness between last/first image lung/cardiac CT
) (Vandemeulebroucke et al., 2011) [} smoothness between last/first image lung CT
g (Ye et al., 2023) [} smoothness between last/first image cardiac US/MR [
K] (Brehm et al., 2012) ] penalize deformation cycle # Id. lung CT
% (Fechter and Baltas, 2019) ] penalize deformation cycle # Id. lung CT
(Bai and Brady, 2009) ] cyclic B-Spline coefficients lung PET
(McEachen et al., 2000) cyclic basis functions in FFD cardiac MR
(Wiputra et al., 2020) cyclic basis functions in FFD cardiac US

Recently, capsule networks (Sabour et al., 2017) have been lever-
aged within image registration to model part-whole relationships among
anatomical structures (Yan et al., 2024). These networks capture de-
tailed pose and shape information, making them well suited for incorpo-
rating relative relationships between structures and their components.
Finally, Grofbrohmer and Heinrich (2024) introduce a registration net-
work that is based on learned segmentation encodings rather than image
features, demonstrating high generalizability.

Beyond segmentation maps, corresponding keypoint distance can
also serve as a guiding mechanism for registration. Keypoints can en-
hance registration robustness by providing reliable anchors across and
within structures. Although this approach is less popular, it is found, for
instance, in Riihaak et al. (2017), Papenberg et al. (2009), Kearney et al.
(2014). Moreover, graphs can be constructed from keypoints to guide a
sparse registration (Heinrich et al., 2015; Hansen and Heinrich, 2021;
Heinrich and Hansen, 2022). From the sparse result, a dense deforma-
tion is then derived, for instance, with thin plate splines. Recently, Wang
et al. (2023a, 2024) have introduced registration networks capable of
jointly detecting and matching keypoints for registration guidance, and
Matkovic et al. (2024) have proposed to incorporate keypoint guidance
in a GAN architecture.
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3.2.2. Organ specific registration with special motion properties

While multistructure registration often considers different organs at
the same time, other scenarios focus on single organs only. For instance,
intra-patient cardiac and lung registration is employed to analyze mo-
tion dynamics from spatio-temporal data, with applications in functional
analysis or radiotherapy treatment planning (Keall et al., 2005a; Rein-
hardt et al., 2008; Choi et al., 2013). However, these organs exhibit
unique deformation characteristics that are critical to consider during
registration. Specifically, cardiac and respiratory motion is periodic and
quasi-cyclic in nature and breathing induces sliding motion at organ
boundaries (Fig. 5, bottom). An overview of the methods discussed in
this section is shown in Table 3.

Sliding motion: At organ boundaries, motion in opposing directions
leads to local discontinuities, such as the sliding of lungs, diaphragm,
and liver against the pleural wall or between lung lobes along fissures.
This cannot be modeled with standard regularization. Methods that ad-
dress sliding motion combine smoothness and discontinuity regulariza-
tion and either adapt to (a) boundary proximity, (b) deformation direc-
tion, or (c) use region-wise registration.

Explicit diffusion regularization can be adapted to allow discontinu-
ities near sliding boundaries while maintaining smoothness elsewhere.
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This is achieved by suppressing smoothing near boundaries (Yin et al.,
2010; Jud et al.,, 2017b) or by switching from diffusion (L,-norm)
to TV (L,-norm) regularization. This is called L,-norm regularization
(1 < p < 2) and encountered in conventional (Heinrich et al., 2010; Gong
et al., 2020) and learning-based registration (Duan et al., 2023c; Luo
et al., 2023).

Apart from boundary distance, the deformation direction can be con-
sidered: Sliding motion requires tangential smoothness along bound-
aries while exhibiting discontinuities in the normal direction. A
common method to address this is to leverage anisotropic diffusion
that decomposes smoothing into tangential and normal components:
Isotropic smoothing is applied within organs and anisotropic smoothing
that vanishes in the normal direction is applied near boundaries (Ruan
et al., 2008; Schmidt-Richberg et al., 2009; Pace et al., 2011, 2013; Tan-
ner et al., 2013; Delmon et al., 2011; Risser et al., 2013; Jud et al., 2016).
Anisotropic smoothing is extended in Schmidt-Richberg et al. (2012)
to locally adapt to the estimated amount of slippage. To this end, the
deformation variations are compared at sampled points on both sides
of the boundary. Another approach is to employ global smoothing in
the normal direction while performing tangential smoothing indepen-
dently at each side of the boundary (Risser et al., 2011). Anisotropic
smoothing can furthermore be achieved with the bilateral filter pro-
posed in Papie/cx% et al. (2014). This filter balances local discontinuities
and smoothness by adapting to intensity differences, spatial smoothness,
and local deformation field similarities. In Fu et al. (2018) the bilateral
filter is applied in the tangential direction only, while isotropic normal
smoothing is used. Adaptive Gaussian filters derived from super-voxel
clusters of the image further enhance sliding boundary fidelity by re-
ducing smoothing in areas of high intensity or deformation variance
(Bartlomiej et al., 2015; Barttomiej W. et al., 2018). Since supervoxel
clusters capture local discontinuities, the filters can effectively transfer
discontinuity information to the deformation.

Besides this, sliding motion can be addressed with region-wise regis-
tration, such as in (Risser et al., 2013; Berendsen et al., 2014b; Derksen
et al., 2015; Preston et al., 2016; Eiben et al., 2018). First, smooth regis-
tration is performed independently for each side of a sliding boundary.
Then, the resulting deformations are fused into a global deformation.
To preserve discontinuities at boundaries, no smoothing is used dur-
ing fusion. A major challenge with this approach is the presence of gaps
and overlaps at the sliding boundaries. Solutions include penalizing mis-
alignment of boundaries during the region-wise registration (Berendsen
et al., 2014b; Derksen et al., 2015; Eiben et al., 2018) or constraining
the deformed segmentation maps to a single label per voxel (Preston
et al., 2016).

Further advancements in sliding motion regularization include
component-wise regularization of the divergence-free, curl-free, and
harmonic components of the deformation (which can be obtained with
the Helmholtz decomposition) to preserve large shears along boundaries
(Ruan et al., 2009; Ai et al., 2019). Graph-based methods extend diffu-
sion regularization by assigning zero-weight edges across sliding bound-
aries (Sandkiihler et al., 2018) or adapt TV regularization (Jud et al.,
2018). Physics inspired regularization has been leveraged for sliding
motion in Andrade and Hurtado (2021) by combining linear elastic and
van Mises plasticity models in the regularization to allow high shear de-
formations along sliding boundaries. Region-wise thin-plate spline and
B-spline registration have been proposed in Xie et al. (2011), Hua et al.
(2017).

Although extensively studied in conventional registration, sliding
motion regularization has seen limited adoption in learning-based regis-
tration frameworks. Explicit sliding motion regularization has been pro-
posed for network training, including penalization of non-parallel mo-
tion of neighboring voxels (Ng and Ebrahimi, 2020), smoothing suppres-
sion at sliding boundaries with a binary mask (Lu et al., 2023) and L,
norm regularization (Duan et al., 2023c). Additionally, multitask learn-
ing is leveraged to learn boundary locations jointly with the registration
in Duan et al. (2023c¢).
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Cyclic motion: Registration of 4D (3D +t) image data often involves
capturing a patient’s cardiac or respiratory cycles, for instance, in the
context of cardiac function analysis, (Pan et al., 2003), radiation ther-
apy (Keall et al., 2005b) and motion correction (Spieker et al., 2024).
For such data, incorporating the cyclic nature of the deformation in the
registration is particularly important. Periodicity can be explicitly ac-
counted for by ensuring that the last image in a sequence maps back to
the first image seamlessly, as found in conventional (Shen et al., 2005;
Ledesma-Carbayo et al., 2005; Metz et al., 2011; Vandemeulebroucke
et al., 2011) and learning-based (Ye et al., 2023) registration. Alterna-
tively, deviations from the full-cycle deformation to the identity defor-
mation can be penalized (Brehm et al., 2012; Fechter and Baltas, 2019).

Implicit cyclic extensions to FFD registration use periodic B-spline
coefficients (Bai and Brady, 2009) and cyclic basis functions such as
harmonic sinusoid or Fourier functions (McEachen et al., 2000; Wipu-
tra et al., 2020). It is observed that, in general, despite the preva-
lence of 3D cardiac and lung image registration studies, relatively few
are concerned with cyclic regularization of 3D+t data. Cyclic regu-
larization in the context of learning-based registration remains to be
explored.

3.2.3. Registration of images with topological change

A common assumption in image registration is that the underlying
topology of the image remains unchanged, implying that every location
in M corresponds to a location in F. However, there are scenarios where
this assumption is not true, particularly in clinical settings where topol-
ogy changes can arise for various reasons. Examples include changing
tissue due to lesion development (Niethammer et al., 2011; Francois
et al., 2022), missing regions after surgical resection (Risholm et al.,
2009; Nithiananthan et al., 2012; Chen et al., 2015; Wodzinski et al.,
2021), variable gastrointestinal contents (Suh and Wyatt, 2011), and
removal of medical devices (Berendsen et al., 2013). In such cases, in-
cluding prior knowledge about the clinical context in the registration
is valuable, particularly when combined with spatial information about
topologically changing regions. An overview of the methods discussed
in this section is shown in Tab. 4.

Growing and shrinking regions: If an area with missing correspon-
dences is partially present in M and F, this implies region growth or
shrinkage. Typically this involves smooth tissue change due to the de-
velopment of pathologies. One approach that addresses such topology
changes is cost function masking that restricts the optimization to topo-
logically consistent regions (Brett et al., 2001). This ensures that chang-
ing regions do not bias the registration.

Alternatively, local topology changes are accounted for through
adaptations of the metamorphosis framework, which disentangles de-
formations from appearance changes in the loss function (Trouvé and
Younes, 2005; Younes, 2010). For instance, geometric metamorphosis
(Niethammer et al., 2011) models topology changes with a geometric
model decoupled from the deformation of the surrounding tissue. This
isolation enables the quantification of topology change which is valu-
able for downstream applications such as automatic lesion growth analy-
sis. In Francois et al. (2022), the framework is refined to limit geometric
changes to predefined regions.

Metamorphic registration has also been adapted to learning-based
registration. The metamorphic autoencoder of Bone et al. (2020) decou-
ples low-dimensional representations of shape and appearance changes
in latent space, and metamorphic ResNet architectures are found in
Maillard et al. (2022), Joshi and Hong (2023a). Although these methods
require prior segmentation maps of topologically changing regions, the
metamorphic registration network by Wang et al. (2023c) eliminates
this dependency by jointly learning the location of appearance chang-
ing regions. Further approaches combine registration with predicting
a quasi-normal (pathology-free) image, enabling registration between
pathological and healthy images (Han et al., 2020), and explicit regu-
larization that ensures that the volume change of lesions matches the
one of surrounding tissue (Dong et al., 2023).
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Table 4

Problem specific regularization methods — Registration of images with topological changes (Ml = explicit, =

learning-based, abd. = abdominal).
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implicit, = conventional, m-=

registration

modality and registration

problem reference type approach anatomy framework
(Brett et al., 2001) ] cost function masking brain MR
tE‘D (Niethammer et al., 2011) geometric metamorphosis brain MR
< " (Frangois et al., 2022) ] region-limited metamorphosis brain MR
_F: 5 (Wang et al., 2023c) ] region-limited metamorphosis brain MR [}
o @ (Boéne et al., 2020) metamorphic autoencoder brain MR [}
g = (Maillard et al., 2022) ResNet-based metamorphosis brain MR [
?D neo (Joshi and Hong, 2023a) ResNet-based metamorphosis brain MR/liver CT [}
H (Dong et al., 2023) [ ] constrain lesion volume change brain MR/abd. CT [ |
S (Berendsen et al., 2014a) ] minimize volume cervical MR
g>’o (Chen et al., 2015) [ ] minimize volume brain MR
3 (Wodzinski et al., 2021) ] minimize volume breast MR [ ]
9 w0 o (Risholm et al., 2009) [} diffusion sink brain MR
=5 (Suh and Wyatt, 2011) auxiliary deformation dimension colorectal CT
"E’ @" (Nithiananthan et al., 2012) auxiliary deformation dimension head CT
(Nielsen et al., 2019a) expand voids from pre-defined points brain MR
(Czolbe et al., 2021) [} cost function masking in training brain MR H
(Mok and Chung, 2022) [} IC loss-based cost function masking brain MR [
(Wodzinski et al., 2023) ] IC loss-based cost function masking brain MR [}
(Feng et al., 2024) | IC loss-based corrected attention layers brain MR [ |

Missing regions: In contrast to growing regions, missing regions are
entirely absent in one of the two images. Such a scenario is found, for
instance, in the registration of pre-to-post resection images. To address
this, explicit regularization can be employed to minimize the volume
of regions without correspondence in the other image (Berendsen et al.,
2014a; Chen et al., 2015; Wodzinski and Skalski, 2018; Wodzinski et al.,
2021). Another option is to use a diffusion sink that restricts diffusion
regularization such that image forces originating within a resected re-
gion diffuse outward to surrounding areas but not in the reverse direc-
tion (Risholm et al., 2009).

Implicit regularization methods that leverage the parameterization
of the transformation model include modeling tissue removal in an
auxiliary deformation dimension (Suh and Wyatt, 2011; Nithianan-
than et al., 2012) or by expanding voids from selected image loca-
tions (Nielsen et al., 2019). To alleviate the need for prior segmenta-
tion maps, joint registration and segmentation of missing regions has
been further proposed for conventional (Periaswamy and Farid, 2006;
Chitphakdithai and Duncan, 2010; Chen et al., 2015) and learning-
based registration with conditional autoencoders (Czolbe et al., 2021)
and convolutional neural networks (CNNs) (Mok and Chung, 2022;
Wodzinski et al., 2023; Liu and Gu, 2023). Here, cost function mask-
ing is applied to suppress the influence of missing regions on the
registration.

An elegant recently proposed approach automatically identifies miss-
ing regions with model based regularization within the training of regis-
tration networks (Mok and Chung, 2022; Wodzinski et al., 2023): Local
areas with a high inverse-consistency regularization loss (Section 3.1.3)
are interpreted as missing in the other image. This information is then
used for masking or weighting the training loss. Another weighting-
based method is used in the bi-directional registration network by Feng
et al. (2024) where a weight map guides the attention layers to focus on
pathological and missing regions.

3.2.4. Discussion

Problem specific regularization extends beyond the global, general-
purpose constraints of model based approaches by integrating data
knowledge and adapting to local deformation characteristics. The spa-
tial adaptivity enables more realistic modeling of complex deformations
which global regularization methods fail to capture. The majority of the
problem specific methods extend model based regularization methods
presented in Section 3.1 to spatial adaptivity, either by location depen-
dent regularization weight maps, as seen in sliding motion regulariza-
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tion, or location dependent formulation of the regularization itself, for
instance, to accomplish local rigidity.

Despite their clear advantages, problem specific regularization meth-
ods face challenges that should be considered for successful application.
A major challenge is that many of the presented methods rely on ac-
curate prior segmentation maps or boundary definitions, for instance,
Risser et al. (2013), Schmidt-Richberg et al. (2012). While manual an-
notations by clinicians provide high precision, they are costly to obtain.
This is particularly true for methods embedded within learning-based
registration frameworks, where segmentation maps of the full training
dataset are often required for training. To mitigate this, segmentations
can be inferred directly from images or estimated deformations, or mul-
titask learning can be employed to jointly learn the registration and the
spatial information, such as in Czolbe et al. (2021), Wang et al. (2023c),
Duan et al. (2023c). Moreover, the rapid advancements of open-source,
pre-trained segmentation networks like TotalSegmentator (Wasserthal
et al., 2023) offer a convenient solution for automatic segmentations
that can be used in registration frameworks without notable computa-
tion overhead. However, such segmentations are probably not as precise
as manual ones. Consequently, to reduce the dependency of registra-
tion results on annotation quality, regularization methods need to be
adapted to noisy segmentations, as in Gong et al. (2020), Raveendran
et al. (2024).

Apart from that, problem specific methods are tailored to address
specific anatomical or pathological characteristics. On the one hand,
careful parameter tuning might be required, for instance for local phys-
ical parameters in Andrade and Hurtado (2021), hyperparameters that
balance geometric change and deformations in (Bone et al., 2020), or
hyperparameters of Gaussian filters in (PapieA% et al., 2014). On the
other hand, different methods have different requirements about the
specific scenario. For example, when addressing topology changes, some
methods can only register healthy to pathological images, for instance,
Francois et al. (2021), while others can only register in the other direc-
tion, e.g., Maillard et al. (2022), Han et al. (2020). Consequently, their
generalizability to new applications and data that slightly differ from
the validation scenarios is limited. In particular, the high dependency
on parameter tuning complicates registration network training, making
their clinical application challenging.

Overall, a gap in regularization method transfer from conventional
to learning-based registration is observed. For multistructure registra-
tion, local physical properties and rigidity have seen limited integration
into learning-based registration. In contrast, segmentation guidance can
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be considered state-of-the-art in learning-based registration. Sliding mo-
tion, though well-studied in conventional registration, also remains to
be explored more with registration networks. In particular, integrating
local physical properties and rigidity could drive the capabilities of reg-
istration networks forward since many applications face rigid structures
or varying material properties.

In summary, the capability of problem specific regularization to ad-
dress local deformation characteristics and real-world clinical scenar-
ios makes it indispensable for targeted applications. However, methods
heavily rely on design choices and hyperparameter tuning. This high-
lights the need for more flexible regularization frameworks capable of
automatically identifying deformation properties from the data itself,
which is addressed with the learned regularization methods in the fol-
lowing section.

3.3. Learned regularization

This section presents and discusses the rapidly growing field of
learned regularization, organized by what is learned from training data.
While problem specific regularization incorporates data knowledge and
adapts to local deformation characteristics, it still requires careful user
design and parameter tuning, which can limit scalability and adaptabil-
ity. In contrast, learned regularization leverages data-driven techniques
to infer local properties directly from training data. For this, the regu-
larization component of a registration framework is parameterized with
a machine or deep learning model (see, for instance, Fig. 7). We iden-
tify three subcategories of learned regularization: Methods that learn
(i) local smoothness properties (Section 3.3.1), (ii) feasible deformation
spaces (Section 3.3.2), and (iii) test time adaptive regularization (Sec-
tion 3.3.3). An overview of learned methods is given in Tab. 5.

3.3.1. Learned local smoothing and discontinuities

Spatially varying smoothing, which automatically adapts to local
image properties, can be effectively learned using deep neural net-
works. For instance, Niethammer et al. (2019) have proposed a shallow
CNN within a conventional diffeomorphic LDDMM framework (see Sec-
tion 3.1.4). The CNN takes a momentum vector field and an image as
inputs. It predicts a smoothed vector field by learning the weights of
a spatially adaptive multi-Gaussian smoothing kernel. To ensure that
the regularized output remains diffeomorphic and transfers edge in-
formation from the image to the deformation, the learned weights are
additionally prevented from degenerating through total variation (TV)
meta-regularization. By bounding the variance of the weights, a desired
smoothing level can be further specified. Optimization is performed in
two stages: First, only the momenta are optimized while the Gaussian
weights are carefully chosen, then the CNN parameters and the initial
momentum vector fields are jointly optimized. An extension of this ap-
proach to spatio-temporal velocity fields has been proposed in Shen et al.
(2019b). Here, two separate CNNs predict the initial momentum vector
field and the smoothing weights, respectively.

A more generalized approach is presented in Al Safadi and Song
(2021), where the regularization is parameterized as a trainable con-
volutional layer applied to the predicted deformation of a registration
network. This method aims to minimize folding and increase anatom-
ical plausibility. Building upon the Reproducing Kernel Hilbert Space
(RKHS) theory, the authors demonstrated that constraining the con-
volutional filters to be positive, semi-definite, and radially symmetric
approximates RKHS regularization. These constraints are explicitly en-
forced in the meta-regularization of the regularization layers. By impos-
ing these constraints on the learned filters, they offer learned spatially
adaptive smoothing filters that are highly generalizable and can adapt
well to large deformations.

While the methods presented above focus on locally adapting the
smoothing strength, local discontinuities are learned in Jia et al. (2022),
Lai et al. (2023). Using a variable splitting scheme and an auxiliary split-
ting variable, the registration problem of Eq. 1 is divided into two sim-
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pler subproblems: a similarity and a regularization component. These
subproblems are individually parameterized by a neural network, where
a ResNet-based denoising network is employed for the regularization
part. Optimization is performed by alternating parameter updates of the
two networks or joint training. Conveniently, regularization hyperpa-
rameters such as « and additional weights resulting from the variable
splitting scheme can be absorbed in the denoising network, alleviating
manual tuning. The regularization network effectively learns local TV
regularization that avoids over-smoothing and allows for local discon-
tinuities (Jia et al., 2022) or focuses on modeling sliding motion (Lai
et al., 2023).

3.3.2. Learned deformation spaces

Due to the shared characteristics of human anatomy, anatomical
structures exhibit similar deformation patterns across different subjects.
Thus, deformations can be assumed to reside within a lower-dimensional
subspace. This subspace of feasible deformations can be learned from
training data with machine or deep learning models. Once trained, the
models offer a compact and efficient deformation space representation
with generative capabilities, i.e., they can generate novel deformation
instances of the learned space.

The overall process of learning feasible deformation spaces is shown
in Fig. 6. Typically, first, a set of ground truth deformations is ob-
tained that adequately spans the feasible deformation space. This train-
ing dataset is then used to train the deformation space model. Finally,
the trained model is embedded within a registration framework where
it parameterizes the transformation. Thus, the registration is implicitly
regularized to produce deformations that remain within the learned sub-
space. This method inherently offers spatially adaptive regularization.

We identify two model types that dominate the literature: Learning
(i) linear subspaces with principal component analysis (PCA) and (ii)
nonlinear manifolds with deep neural networks.

Principal Component Analysis (PCA): PCA is a linear dimension-
ality reduction technique that identifies dominant modes of variation
in a dataset. By projecting data onto the learned subspace, PCA enables
reconstruction and data generation through linear combinations of the
principal eigenvectors. When applied to deformation datasets, PCA of-
fers statistical deformation models that capture local deformation vari-
ations within the training data and (ideally) represent the space of fea-
sible deformations.

Embedding a trained PCA model within registration greatly reduces
the dimensionality of the registration since optimization can be per-
formed with respect to the principal component coefficients instead of
the deformation parameters. This approach has been employed across
various registration techniques, including viscous fluid (Wouters et al.,
2006) and standard gradient-based (Hu et al., 2008) registration. In the
context of diffeomorphic registration, PCA models have been proposed
to learn the space of feasible initial momenta in the LDDMM framework
(Qiu et al., 2012) and local velocity fields in the log-Euclidean frame-
work (Zeng et al., 2018). Additionally, PCA has been applied to control
points of FFD B-spline deformations in Loeckx et al. (2003). This further
reduces registration complexity.

A challenge with global PCA models is their limited flexibility. To
address this, extensions have been developed that enhance representa-
tion capabilities. Dual PCA models, for instance, capture complemen-
tary deformation properties based on the Jacobian determinants and
displacement vectors. Within registration, they ensure that deforma-
tions lie in the intersection of both subspaces (Xue et al., 2006). A sim-
ilar approach has been proposed to model tumor-induced deformation
and intra-population variations in the context of tumor-to-healthy inter-
patient registration (Mohamed et al., 2006). Further developments in-
clude localized PCA models that represent local patches across the image
domain (Tang et al., 2018), finding plausible initial solutions with PCA
models before registration (Kim et al., 2008; Tanner et al., 2009), and
learning a PCA model from a combination of images and segmentation
maps (Onofrey et al., 2015b).
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Table 5
Learned regularization methods (Ml = explicit, = implicit, ™ = guidance, " = conventional, ¥ = learning-based, abd. = abdominal, phys.
params. = physical parameters).
learns  reference type regularization approach modality and registration
model anatomy framework
S (Niethammer et al., 2019) ] CNN local multi-Gaussian weights ~ brain MR
= Z (Shen et al., 2019b) ] two CNNs local multi-Gaussian weights ~ knee MR/lung CT
3 ; (Al Safadi and Song, 2021) | convolution layer RKHS convolution filter cardiac US/lung x-ray ]
£ (Jia et al., 2022) | denoising ResNet variable splitting cardiac MR ]
. (Lai et al., 2023) [ | denoising ResNet variable splitting brain MR/lung CT [ ]
(Wouters et al., 2006) PCA opt. w.r.t. PCA coeffs. brain MR
(Hu et al., 2008) PCA opt. w.r.t. PCA coeffs. prostate US
(Qiu et al., 2012) PCA opt. w.r.t. PCA coeffs. brain MR
(Zeng et al., 2018) PCA opt. w.r.t. PCA coeffs. brain MR
(Loeckx et al., 2003) PCA PCA on FFD control points lung CT
(Kim et al., 2008) PCA PCA for initialization brain MR
(Tanner et al., 2009) PCA PCA for initialization breast MR/x-ray
(Cui et al., 2017) | PCA constrained PCA coeffs. lung SPECT
(Albrecht et al., 2008) | PCA constrained PCA coeffs. upper leg x-ray
(Berendsen et al., 2013) | PCA constrained PCA coeffs. cervical MR
g (Gu et al., 2021) | PCA constrained PCA coeffs. brain MR [}
§ (Hu et al., 2015) ] PCA 4D motion model rectal US
2 5 (Jud et al., 2017a) reproducing kernel 4D motion model lung CT
= (Onofrey et al., 2015b) PCA 4D FFD model prostate
& E (Xue et al., 2006) ] two PCAs detJ + u PCA brain MR
ug (Mohamed et al., 2006) ] two PCAs healthy+pathological PCA brain MR
° (Tang et al., 2018) local PCAs patch-based PCAs brain MR
(Gao et al., 2021) autoencoder learned PCA coeffs. upper leg CT
(Hu et al., 2018a) | GAN FEM-based adversarial loss prostate MR/US ]
(Bhalodia et al., 2019) | autoencoder reconstruction loss brain MR ]
(Mansilla et al., 2020) | autoencoder reconstruction loss lung x-ray [ ]
(Sang and Ruan, 2020) | autoencoder reconstruction loss cardiac MR ]
(Qin et al., 2020) | autoencoder reconstruction loss cardiac MR |
(Sang and Ruan, 2021) ] autoencoder reconstruction loss lung CBCT [}
(Sang et al., 2022) | autoencoder reconstruction loss cardiac CTA/MR ]
(Sang et al., 2020) decoder-only opt. w.r.t latent vector cardiac MR/lung CT
(Qin et al., 2023) decoder-only opt. w.r.t latent vector cardiac MR
(Mok and Chung, 2021a) [] CIN layers learn effect of a (diffusion) brain MR [
c (Hoopes et al., 2021) | hypernet learn effect of a (diffusion) brain MR ]
w-8 (Wang et al., 2023d) [ CIN layers learn effect of a (diffusion) brain MR [ ]
E g (Chen et al., 2023) | CIN/hypernet learn effect of a (diffusion) brain MR ]
] (Zhu et al., 2024) | CIN layers learn effect of a (diffusion) brain MR/lung CT ]
& go (Shuaibu et al., 2024) [ MLP learn optimal a(diffusion) brain MR ]
= (Reithmeir et al., 2024a) | hypernet learn effect of phys. params.  lung CT/cardiac MR ]
(Reithmeir et al., 2024b) | hypernet learn effect of phys. params. lung CT ]
(Xu et al., 2022) [ | mean-teacher net dynamic « during training abd. MR/CT [ ]
@ ' conventional/DL-based registration framework I
- autoencoder
5 network 1
, g & &
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Fig. 6. Learned Regularization — Learned deformation spaces: Low-dimensional deformation spaces representing the set of feasible deformations can be learned
from a training dataset. Two approaches of learned deformation spaces are found in the literature: (i) PCA models and (ii) autoencoder networks. Once trained, the

regularization model is embedded within the registration framework, either as

Moreover, learned PCA models can be leveraged within the regu-
larization loss term of the registration. They can avoid infeasible de-
formations through soft constraints, for example, in a probabilistic for-
mulation (Albrecht et al., 2008) or by penalizing deviations from the
mean of the distribution (Berendsen et al., 2013). In Cui et al. (2017),
Gu et al. (2021), deformation eigenmodes are constrained to lie within
a certain value range for the generation of novel deformations from the
PCA model, improving flexibility without sacrificing representational

explicit (.) or implicit (" ) regularization.

fidelity Moreover, a deep learning approach using an autoencoder net-
work has been proposed to learn optimal PCA coefficients for a trained
PCA model during registration (Gao et al., 2021).

Most of the methods above focus on capturing intra-population shape
variations for application in inter-patient registration and atlas building.
In contrast, intra-patient registration is often used as a tool for the gen-
eration of 4D motion models of the lung (He et al., 2010; King et al.,
2012; Han et al., 2017) or liver (Preiswerk et al., 2014). Less work
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is found that, in turn, applies PCA for regularization purposes within
registration. Exceptions include PCA models trained on biomechanical
FEM simulations (Hu et al., 2015) and FFD-based PCA models trained
on pre-to-intra-operative images (Onofrey et al., 2015a). The subject-
specific statistical motion model in (Jud et al., 2017a) is learned from
labeled inhale-exhale lung images and successfully transfers sliding mo-
tion properties from the training data to unseen, unlabeled images.

Deep neural networks: In contrast to linear PCA models, deep neu-
ral networks can learn nonlinear manifolds from training data. Differ-
ent model architectures and training strategies have been explored, and
we identify three approaches: Employing (i) generative adversarial net-
works (GANs) that distinguish between ground truth and estimated de-
formations, (ii) autoencoder networks trained to reconstruct ground
truth deformations, and (iii) decoder-only architectures that generate
deformations from low-dimensional latent representations.

GANs employ generator-discriminator frameworks where the gen-
erators act as registration networks. The discriminators are trained to
distinguish between estimated and ground truth deformations, which
drives the generators to produce results that closely resemble the ground
truth data. GANs can be employed to produce biomechanically plausible
deformations that align closely with, for instance, biomechanical FEM
simulations Hu et al. (2018a).

Another approach involves autoencoder networks trained to recon-
struct input deformations and, thereby, learning a low-dimensional de-
formation manifold encoded in the latent space. Trained autoencoders
can serve as regularization during registration by penalizing deforma-
tions that deviate from the learned manifold. Typically, this is achieved
by autoencoding the estimated deformation and adding its reconstruc-
tion loss to the registration optimization objective function. Regular-
izing autoencoders can be jointly trained with a registration network
Bhalodia et al. (2019) or their training can be decoupled from registra-
tion network training, as in Sang and Ruan (2020, 2021), Sang et al.
(2022). In this case, the autoencoders are trained on separate training
datasets and embedded with frozen trained weights in the training of
registration networks. Variations of this approach include learning to
reconstruct deformation gradients instead of deformations themselves
(Qin et al., 2020) and denoise noisy segmentations (Mansilla et al.,
2020). Typically, training data for the autoencoder is generated a priori
with conventional registration algorithms (Sang and Ruan, 2020, 2021;
Sang et al., 2022), or biomechanical FEM simulations (Qin et al., 2020).

A third approach uses only the decoder component of trained encoder-
decoder architectures. When embedded into a registration framework,
optimization is performed directly in the low-dimensional latent space
rather than the high-dimensional deformation space. Thus, the regis-
tration aims at finding the optimal latent vector that encodes the de-
formation between M and F. Sang et al. (2020) have proposed to use
alternating backpropagation to jointly optimize the decoder parameters
and latent vector. Similarly, Qin et al. (2023) have employed a tem-
poral variational autoencoder that was trained on 4D FEM simulated
deformation sequences. In both methods, the trained network’s decoder
is integrated into a conventional registration framework, enabling effi-
cient and accurate regularization of deformation properties.

3.3.3. Learned test-time regularization

A core regularization component in the registration objective func-
tion (Fig. 1) is the regularization weight «. It balances the regularization
constraints and the similarity loss, and its value determines the strength
of the applied regularization. Typically, « is manually tuned as a hyper-
parameter. However, this is a time-intensive and cumbersome process,
particularly for learning-based registration models where separate train-
ing is required for each candidate value. Moreover, a single value ap-
plied uniformly across all image pairs is unlikely to yield optimal results
due to the variability in deformation properties across different subjects.
To overcome these challenges, advanced deep learning techniques are
used within registration networks to learn regularization that can be
dynamically adapted at test time.
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Fig. 7. Learned regularization — Test time regularization: A hypernetwork can
allow the user to adapt the regularization weight at test time. During training,
the weights are randomly sampled.

A popular approach is to learn the effect of the regularization weight
on deformation fields and, thus, on registration network parameters.
During training, « values are randomly sampled to learn a wide range of
regularization effects. At test time, the user specifies a desired value, and
the registration network estimates a regularized deformation accord-
ingly. To achieve this, conditional neural networks can be used that em-
ploy conditional instance normalization (CIN) layers that normalize and
shift feature representations based on the specified « (Mok and Chung,
2021a). Similarly, the HyperMorph framework (Hoopes et al., 2021)
leverages a hypernetwork architecture where a secondary network pre-
dicts the parameters of the primary registration network, conditioned
on « (see Fig. 7). Both methods are trained end-to-end and use a global
a for balancing a diffusion-based smoothing term.

Recent advances have extended these methods for spatially adaptive
regularization. Wang et al. (2023e) enhance the CIN-based approach by
introducing a regularization weight matrix for tissue-specific smooth-
ing. Chen et al. (2023) employ a dual decoder registration network that
learns the weight matrix, which forms the hypernetwork input along-
side the deformation. Traditional single-level CIN layers can be extended
to multiple levels with a conditional multilevel architecture combining
CIN layers, dynamic convolutional layers, and attention layers Zhu et al.
(2024). To extend test-time regularization to physics-inspired methods,
Reithmeir et al. (2024b) have proposed a hypernetwork that learns the
influence of the physical parameters 4, u on the deformation for lin-
ear elastic regularization. This approach has been extended to spatially-
adaptive, tissue-specific parameters in Reithmeir et al. (2024a).

Apart from offering the user to adapt the regularization at test time,
the above methods offer a second advantage: The optimal regulariza-
tion weight value can be identified at inference time, not only for a test
dataset but also for each registration individually. This can be achieved,
for instance, with a grid search over the parameter space (Hoopes et al.,
2021; Reithmeir et al., 2024a). A learned approach was instead proposed
in Shuaibu and Simpson (2024). Here, a multilayer perception is trained
to predict the Dice score and amount of folding from input images and a
specified a, enabling a learning-based identification of optimal « values
at test time.

Beyond this, automatic adaptation of « during training has been
explored to optimize the trade-off between smoothness and registra-
tion accuracy during the training process. Xu et al. (2022) have intro-
duced a teacher-student architecture where the teacher model updates
its weights based on the performance of the student model across consec-
utive iterations. With Monte Carlo dropout, the teacher model estimates
deformation and intensity uncertainty, which is then used to dynami-
cally adjust « to each individual image pair and training step. Stronger
regularization is applied to more challenging or uncertain image pairs.

3.3.4. Discussion

Learned regularization has emerged as a promising approach in med-
ical image registration. Leveraging data-driven techniques to derive
local deformation properties from training data offers distinctive ad-
vantages over model based and problem specific regularization. Com-
pared to problem specific methods, fewer explicit modeling and manual
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tuning towards individual registration instances is required. Also, a ma-
jor strength of learned regularization lies in its flexibility. For instance,
learned smoothness can automatically find the optimal level of local
regularization based on the image information, and over-smoothing can
be effectively mitigated (Jia et al., 2022). This automatic adaptability to
data is particularly beneficial in scenarios where anatomical structures
exhibit highly variable or complex deformation characteristics.

However, learned regularization also faces some challenges. In the
context of learned deformation spaces, methods require large, high-
quality training datasets with accurate ground truth deformations. If
the training dataset is smaller than the degrees of freedom of the de-
formation, PCA models can be overly restrictive and cannot represent
the deformation space well (Cui et al., 2017). Moreover, since ground
truth deformations are inexistent for medical image registration, auxil-
iary ground truth deformations are commonly generated, for instance,
with elastic FEM simulations (Hu et al., 2008, 2018a; Qin et al., 2020,
2023) or conventional registration methods (Tang et al., 2018; Sang and
Ruan, 2021). Both approaches have inherent limitations. Conventional
registration-generated training data depend on the size and quality of
available training images. Learned deformation spaces can only capture
deformation properties modeled in the training data, thus requiring ade-
quate design choices during the registration that generates ground truth
deformations. For instance, if a global diffusion regularization is used
here, the learned deformation spaces can model global smoothness but
fail to capture, for instance, local discontinuities. In contrast, FEM sim-
ulations can generate quasi-unlimited training data but require careful
simulation design and predefined physical parameters, which may be
ambiguous.

Another challenge for learned deformation spaces is their lim-
ited generalizability, particularly when encountering previously un-
seen anatomical variations or pathological changes. Recent advance-
ments address this limitation by learning modality-agnostic deforma-
tion spaces from segmentation maps rather than images (Hu et al.,
2018a; Mansilla et al., 2020; Qin et al., 2023). Additionally, cross-
modality transfer has shown promise, where deformation spaces are
learned from "easier" modalities, e.g., FBCT or CTA, and successfully
transferred to more "complex" modalities, e.g., CBCT or MRI (Sang and
Ruan, 2021; Sang et al., 2022). Interestingly, regularizing PCA mod-
els have been widely adopted for representing population-level shape
variations in inter-patient registration and atlas building, but their ap-
plication in intra-patient registration, where they could represent 4D
time-dependent motion patterns, remains underexplored.

The innovative advancements of test-time regularization, as intro-
duced in Hoopes et al. (2021), Mok and Chung (2021a), not only stream-
line the training process for learning-based registration but also enable
scenario- and instance-specific regularization. This aligns well with the
inherent variability and subject-specific nature of human body defor-
mations. The tailored regularization during inference bridges the gap
between the versatility of instance-specific regularization found in con-
ventional registration and the rapid inference capabilities of learning-
based registration. However, training time and model complexity are
increased over standard frameworks due to the network architectures
and random sampling during training.

Despite its advantages, learned regularization faces interpretability
challenges. Neural networks inherently function as black-box models,
which complicates the task of understanding and verifying the regu-
larization applied during registration. To better explore learned regu-
larization effects, neural network-based regularization methods can be
embedded within conventional registration frameworks where no addi-
tional interpretability difficulties are introduced and where it is easier
to isolate the regularization effects. This is already found for some of the
presented methods, for instance, in Niethammer et al. (2019), Qin et al.
(2023). Also, learned regularization still relies on manually designed
components. For example, many frameworks predict weight maps for
predefined model based regularization terms (Mok and Chung, 2021a;
Hoopes et al., 2021; Chen et al., 2023; Reithmeir et al., 2024a) or local
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smoothing filters with fixed isotropic shapes (Niethammer et al., 2019).
Overall, learned regularization often requires significant computational
resources and large training data (possibly in addition to registration
training data). Careful model design and hyperparameter selection re-
main essential to prevent overfitting and ensure stable training.

In conclusion, learned regularization is an emerging and highly
promising category of regularization methods in medical image registra-
tion. While some methods, to some extent, use model based or problem
specific regularization, these techniques offer a powerful data-driven
approach for capturing complex deformation properties and providing
high adaptability of the regularization at inference time. As the general-
izability, robustness, and interpretability of such methods are addressed,
learned regularization has the potential to become fundamental to mod-
ern medical image registration frameworks.

4. Open challenges and future perspectives

Regularization is a key component of conventional and learning-
based image registration. Despite significant advancements in the field,
open challenges persist. This section discusses the key limitations of the
presented regularization methods and outlines promising directions for
future research.

Gaps in method transfer from conventional to learning-based
registration: While many regularization methods have been suc-
cessfully transferred from conventional to learning-based registration,
noticeable gaps remain. Most model based regularization methods
are widely adopted in learning-based registration. However, physics-
inspired regularization has seen limited exploration in deep learning
contexts. Similarly, problem specific regularization methods that deal
with locally rigid, cyclic, and sliding motion - once a major focus in
conventional registration - are underrepresented in learning-based ap-
proaches.

Addressing these gaps could substantially enhance the physical plau-
sibility of learning-based registration models. The growing research area
of physics-informed deep learning presents a valuable opportunity to re-
visit and expand upon physics-inspired regularization, as demonstrated,
for instance, by Arratia LA3pez et al. (2023), Min et al. (2023, 2024).
Moreover, pre-trained segmentation networks, such as Totalsegmen-
tator (Wasserthal et al., 2023), could facilitate the transfer of tissue-
specific regularization techniques into learning-based frameworks, po-
tentially leading to more anatomically meaningful results.

Overreliance on global smoothness regularization: Global L,-
norm smoothing is featured in 14 out of 21 methods from the Learn2Reg
challenge 2022 (Hering et al., 2023), as well as in most state-of-the-art
learning-based registration frameworks such as VoxelMorph (Balakrish-
nan et al., 2019) or LapIRN (Mok and Chung, 2020). Moreover, the pri-
mary focus of many regularization strategies lies in achieving diffeo-
morphic registrations and minimizing folding. This widespread reliance
on global smoothness and diffeomorphic regularization poses a signif-
icant limitation in modern registration methods. It is not only overly
restrictive and may fail to capture anatomically plausible deformations,
but also might not be suitable in many real-world clinical applications
where local discontinuities and pathology-induced topology changes oc-
cur. Consequently, modern registration frameworks should shift their fo-
cus toward flexible, problem specific regularization strategies that can
accommodate real-world scenarios and that can handle missing corre-
spondences.

Limited anatomical diversity in the evaluation of problem spe-
cific regularization: To effectively assess problem specific regular-
ization in medical image registration, the evaluation must consider
anatomically appropriate anatomies and scenarios. The literature re-
veals a limited range of anatomical structures for evaluation. It is dom-
inated by the brain, which is the most commonly studied anatomy for
regularization strategies involving structure specific smoothness, phys-
ical properties, multistructure topological consistency, and topological
changes. The lungs are the second most studied anatomy, particularly for
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addressing sliding motion and local rigidity. Less explored are cardiac
data to evaluate cyclic motion and liver data in the context of sliding mo-
tion regularization. Moreover, brain and cardiac data dominate learned
regularization.

Exceptions include single studies that use private data for evaluation.
These special cases involve prostate images in the context of learned
deformation spaces (Hu et al., 2015, 2018a), images of the colon and
cervix in the context of topology changes (Suh and Wyatt, 2011; Berend-
sen et al., 2014a), and knee images for various scenarios (Shen et al.,
2019a,b; Xu and Niethammer, 2019; Greer et al., 2021). In the context
of multistructure registration, exceptions include abdominal, head and
neck, and prostate images, e.g., in Freiman et al. (2011), Greene et al.
(2009), Hu et al. (2018c), Grolsbrohmer and Heinrich (2024). However,
such data are not used for benchmarking of different methods.

This observed narrow anatomical diversity may result from the lim-
ited availability of diverse, open-access data. More diverse data that
include pathological, longitudinal, and pre-to-post resection images are
needed to increase the meaningfulness of method evaluation. Of partic-
ular value would be large multiorgan abdominal data, as they align well
with many problem specific regularization categories. These include
varying organ specific properties, multiorgan topology preservation, lo-
cal rigidity of bones, sliding motion, and changing topologies within the
gastrointestinal tract. The open availability of such data would not only
improve the transferability of regularization methods to clinical prac-
tice but also facilitate more robust and comparative evaluation across
different approaches. Overall, more diverse evaluation scenarios will be
critical in driving the field forward.

Simplified evaluation of regularization properties: Evaluating
the effectiveness of regularization in image registration remains chal-
lenging due to the lack of ground truth deformations. Commonly used
measures, such as the fraction of negative Jacobian determinants, assess
smoothness and related properties such as inverse-consistency, diffeo-
morphism, and invertibility. However, these measures alone fail to cap-
ture the physical realism of deformations. For instance, sliding motion
can increase folding, which leads to higher fractions of negative Jaco-
bian determinants despite being anatomically realistic (Heinrich et al.,
2010). In the case that registration involves multistructure segmenta-
tions, overlap measures such as the Dice score or Hausdorff distance are
often employed — even though it is well-known that they do not necessar-
ily reflect the registration accuracy (Rohlfing, 2012). Moreover, recent
work by Liu et al. (2024) demonstrates that the commonly used finite
difference approximation of the Jacobian determinant fails to capture
all foldings in practice, and therefore does not reliably indicate whether
a deformation is truly diffeomorphic. The authors propose to measure
the non-diffeomorphic volume instead, which more accurately quanti-
fies the extent of deformation irregularities.

More targeted measures have been proposed for specific scenarios.
For instance, sliding motion has been evaluated with the maximum
shear, calculated via eigenvalue decomposition of the shear tensor (Pa-
pie;\% et al., 2014; Goksel et al., 2016) or the angle between the nor-
mal direction and variation in normal motion (Schmidt-Richberg et al.,
2012). In the context of learned deformation spaces, the reconstruction
error provides a measure of deformation plausibility. Yet, such targeted
metrics are rarely employed in evaluating registration frameworks that
incorporate problem specific or learned regularization. Overall, there is
a strong need to develop more sophisticated measures to assess com-
plex and local deformation properties, for instance, for evaluating local
rigidity and topological changes.

Translation of problem specific regularization to clinical prac-
tice is hindered: Despite the variety of regularization methods devel-
oped for specific registration tasks, their translation to clinical practice
faces several challenges. In addition to the frequent reliance on global
smoothness regularization, as discussed above, simplified conditions in
problem specific regularization cause difficulties and require careful
consideration. Examples include the assumption of linear sliding bound-
aries, as in Schmidt-Richberg et al. (2012), Delmon et al. (2011), and
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single rigid regions, as in Lester et al. (1999). Such assumptions limit
their applicability to more complex real-world scenarios.

Additionally, the inherently subject- and instance-specific nature
of registration problems poses a significant hurdle for generalizing prob-
lem specific regularization techniques across different patients. For in-
stance, cyclic constraints are not suitable for patients with arrhythmia
(Wiputra et al., 2020), and physical properties such as tissue elasticity
can vary due to individual factors such as age (Cocciolone et al., 2018).
These challenges highlight the importance of robust and generalizable
regularization methods that can adapt to individual registration prob-
lems and they show that the successful application of problem specific
regularization remains in the hands of the user.

Suitable regularization for a given registration problem de-
pends on many factors: The taxonomy proposed in this work may serve
as a practical starting point to systematically narrow down the search
space based on the nature of the data. Additional guiding principles
(Fig. 8) can assist developers in selecting a suitable method by consid-
ering the application and algorithmic context and available resources:

Application setting: The overall setting in which the algorithm is ap-
plied needs to be considered. For example, intra-patient registra-
tion typically benefits from anatomically plausible or diffeomorphic
transformations, especially in serial imaging where small deforma-
tions are present. In contrast, inter-patient or longitudinal registra-
tion may require more flexibility due to larger or non-biological de-
formations.

e Downstream task: It should be considered how the registration result
is used in practice. For instance, if the registration is employed as
an integral part of an automated lesion analysis pipeline, allowing
topology changes may be useful. In contrast, for manual comparison
by a clinician, preserving lesion volume and shape may be preferred.
Anatomical and regional focus: Sometimes it may not be necessary to
take the whole image into account and the focus can be on the ac-
curate registration of individual anatomical structures or image re-
gions. In this case, spatially adaptive regularization that specifically
targets the properties of the image parts in focus can be considered.
For example, if the registration of bone structures is in focus, regu-
larization that can precisely ensure rigidity should be chosen.

Data availability: When deciding whether to use learned regulariza-
tion, the availability of training data is crucial - not only in terms of
quantity but also representativeness. For instance, when the avail-
able training data consists of longitudinal exhale-only lung images,
it might not be useful to select a regularization method that mod-
els sliding motion. Moreover, the availability of public datasets and
statistical motion models can influence method selection.
Avadilability of auxiliary information: In most cases, spatially adaptive
regularization is preferred over global regularization. Thus, it should
always be considered whether manually annotated or automatically
generated segmentation maps can be obtained. These maps can be
used to inform spatially varying regularization terms, for example by
adapting smoothness constraints at organ boundaries or enforcing
structure-specific deformation properties.

¢ Computational constraints: Naturally, computational aspects constrain
the method choice. In particular, the constraints of the final device
on which the downstream task is performed, as well as the applica-
tion constraints, are crucial. For instance, in time critical settings and
real-time applications, efficient methods like low order constraints or
implicit regularization may be preferable to complex methods such
as PDE-based models.

These factors should be carefully considered for each registration
task. We regard the design of the regularization strategy as a core com-
ponent of algorithm development, equally important as choosing the
image similarity measure or hyperparameter tuning in learning-based
methods. Overall, we encourage the community to consider less com-
monly applied alternatives when they better align with the specific
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Fig. 8. Many factors can influence the choice of the regularization method. They should be assessed carefully for every registration problem. Identification of a
suitable method should be considered as an integral part of registration algorithm development.

requirements of a registration problem, rather than defaulting to stan-
dard choices like the £, norm.

This manuscript is intended as a starting point for guiding
the regularization method selection. For more detailed and practi-
cal guidance, an in-depth evaluation that systematically compares
regularization methods across datasets and tasks, as well as sets them in
the context of the aspects discussed above, would be highly valuable for
the community. Such an evaluation is beyond the scope of this review
and we identify it as a key direction for future work in the field.

Given the rapid advancements of deep learning research, we an-
ticipate further developments in methods that can precisely and auto-
matically tailor regularization to individual image pairs and leverage
advanced deep learning architectures to capture feasible and local de-
formation properties more effectively. Recent innovations, such as the
conditional regularization approaches proposed by Hoopes et al. (2021),
Mok and Chung (2021a), have introduced a paradigm shift in learning-
based registration towards adapting the regularization to user require-
ments at test time while offering high registration speed. Overall, user
interaction for adaptive regularization at test time could gain impor-
tance in the future.

Another promising direction involves exploiting advanced deep
learning architectures for regularization purposes, as done with physics-
informed networks (PINNs) and Lipschitz-continuous ResNet blocks to
solve biomechanics-inspired and diffeomorphic PDEs (Joshi and Hong,
2022; Arratia LA®pez et al., 2023; Min et al., 2023), or with attention
mechanisms to provide targeted control over local regions during regis-
tration (Feng et al., 2024). Beyond this, fully automated adaptation of
regularization to given registration instances represents a compelling di-
rection for future research. An already versatile smoothness regulariza-
tion is offered by the GradICON regularization (Tian et al., 2023) which
has demonstrated robust smoothness across diverse datasets without re-
quiring customized regularization strategies. It is successfully leveraged
in the recently introduced UniGradICON framework (Tian et al., 2024),
presented as the first foundation model for image registration. Further
advanced approaches, such as Auto-ML frameworks (Fan et al., 2023) for
automatic regularization learning or data-driven general purpose regu-
larization, remain to be explored.

5. Conclusion

Regularization is a fundamental building block of image registration.
It ensures that derived deformations align with physical and anatom-
ical plausibility. This review systematically classified the wide range
of proposed regularization methods in the literature. Three main cat-
egories were identified: (i) model based regularization that uses prior
assumptions, (ii) problem specific regularization that incorporates prior
data knowledge, and (iii) learned regularization that derives deforma-
tion properties from training data. Each category addresses distinct chal-
lenges in registration while contributing to the ongoing advancements
of medical image registration.
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Model based regularization remains the foundation of both conven-
tional and learning-based registration algorithms. Techniques such as
L,-norm smoothness and diffeomorphic registration offer robust and
interpretable frameworks, which have been effectively integrated into
registration networks, for instance, through differentiable regulariza-
tion layers and explicit training loss terms. However, while their hand-
crafted nature facilitates interpretability, the global assumptions often
limit their ability to model complex and heterogeneous deformations
seen in clinical data.

Problem specific regularization addresses these limitations by lever-
aging spatial and contextual knowledge to enable more realistic defor-
mation modeling. By locally adapting the deformation properties, these
methods are suitable for challenging scenarios, including sliding motion,
topological changes, and organ specific deformation properties. Despite
their potential, their dependency on high quality spatial information
and their design toward specific registration problems can restrict their
scalability and generalizability, particularly in learning-based registra-
tion. While many problem specific regularization methods have already
been successfully adapted to learning-based frameworks, some remain
to be transferred.

Learned regularization leverages data-driven techniques to learn de-
formation properties from a training dataset, enabling more flexible so-
lutions. The parameterization of the regularization as neural networks
opens new opportunities, such as learning low-dimensional feasible de-
formation spaces and exploiting the inherent properties of advanced ar-
chitectures for regularization purposes. A key innovation is test time
regularization within learning-based registration frameworks, which of-
fers adaptation to subject- and instance-specific deformation properties
of human body motion. An open challenge is posed by the limited inter-
pretability and need for additional training datasets compared to model
based and problem specific methods.

Looking ahead, hybrid regularization methods that combine the in-
terpretability and robustness of model based methods with the adapt-
ability of learned techniques are particularly promising. Additionally,
fully automated regularization adaptation and general purpose meth-
ods may gain importance in the future. We want to emphasize the strong
need for (i) more diverse open-access registration datasets that represent
a broader spectrum of anatomical and pathological conditions, and (ii)
improved evaluation measures that assess local deformation properties,
which are equally critical for driving the field forward. By addressing
the presented research gaps, regularization can play an even greater role
in improving the accuracy, reliability, and applicability of image regis-
tration in clinical practice.

This review has highlighted the importance of regularization, which
persists today in the era of learning-based image registration, and
demonstrated that it is a rapidly evolving research field — alongside the
development of novel modern registration algorithms. Advancements
in regularization methods for image registration could also impact con-
nected research fields, including motion correction, segmentation, and
medical image reconstruction. We hope that this review inspires the
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research community to reconsider regularization strategies in current
state-of-the-art registration methods and to explore open challenges and
novel developments to further advance the field of image registration
methods.
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