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Abstract—Medical image registration—the task of aligning
a moving image to a fixed reference by estimating a dense
deformation field—is a foundational step in clinical workflows
ranging from longitudinal disease monitoring to multi-modal
fusion. Deep learning has substantially accelerated this task,
yet training robust registration networks requires large, diverse
datasets that individual institutions cannot amass without vi-
olating patient privacy regulations such as Health Insurance
Portability and Accountability Act (HIPAA) and General Data
Protection Regulation (GDPR). Federated Learning (FL) has
emerged as a compelling paradigm that allows multiple hospitals
to collaboratively train a shared model while keeping all raw
images local. Despite rapid progress, a dedicated survey of FL
applied specifically to 2D medical image registration is lacking.
This paper fills that gap. We systematically review: (i) the
problem formulation and deep-learning advances in 2D image
registration, (ii) the fundamentals of FL and the challenges
introduced by non-Independent and Identically Distributed (IID)
medical data, (iii) privacy and security mechanisms including
differential privacy, secure aggregation, and defences against gra-
dient inversion attacks, and (iv) the body of methods that combine
FL with deformable registration networks. We further survey
benchmark datasets, evaluation protocols, and open problems.
Our analysis finds that while FL offers a principled solution to
the data-sharing barrier, domain shift, communication efficiency,
hyperparameter personalisation, and the privacy—utility trade-off
remain largely unsolved. We conclude with a research roadmap.

Index Terms—Federated learning, medical image registration,
deformable registration, privacy-preserving learning, differential
privacy, domain adaptation, deep learning.

1. INTRODUCTION

Medical image registration is the process of establishing
spatial correspondences between two or more images, typically
a fixed (reference) image /r and a moving image In . The goal
is to estimate a transformation ¢ such that the warped image
Inm o ¢ aligns as closely as possible with /- . Registration is
central to a wide range of clinical tasks: longitudinal tracking

of tumour progression, atlas-based segmentation, motion cor-
rection in cardiac imaging, and radiation therapy planning [1].

For many years, registration was solved through iterative
numerical optimisation—procedures that could take minutes to
hours per image pair. The VoxelMorph framework [2] and the
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Spatial Transformer Network (STN) [3] shifted this to amor-
tised inference: a network trained once can register unseen
pairs in milliseconds. That shift, however, created a strong
dependency on large, representative training sets—something
individual healthcare institutions struggle to provide.

Patient data is tightly regulated. In the United States, HIPAA
prohibits sharing identifiable health information without pa-
tient consent. In Europe, GDPR imposes comparable restric-
tions on cross-border data transfer. Beyond regulation, clinical
imaging data is fragmented: each institution holds a dataset
that may be too small, scanner-specific, or protocol-specific
to train a generalisable model on its own. Better models need
more data, but aggregating that data is legally and logistically
blocked.

FL [4] offers a direct solution. A central server coordinates
training across K institutions. Each institution trains a local
model on its private data and uploads only weight updates—
never raw images—to the server. The server aggregates these
updates and broadcasts an improved global model. After many
such rounds, the global model has seen the diversity of all
clients’ data without any image leaving its source.

Applying FL to medical image registration raises challenges
that do not appear in centralised registration or in standard FL
for classification. Registration losses are computed directly on
image intensities, making them sensitive to scanner hetero-
geneity across sites. Deformation smoothness hyperparame-
ters may need per-site tuning, which conflicts with a single
shared model. Gradient updates from registration networks
carry enough latent image information to be reconstructed
by inversion attacks. Yet despite these known difficulties, no
survey has focused specifically on FL for 2D medical image
registration.

The contributions of this survey are as follows:

- A structured review of 2D medical image registration
from classical to deep-learning methods, with emphasis
on loss functions and regularisation strategies relevant to
the federated setting.

- A treatment of FL fundamentals—aggregation
algorithms, non-IID challenges, and personalisation
strategies—in the medical imaging context.

- An analysis of privacy and security mechanisms for
federated registration, covering Differential Privacy (DP),
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secure aggregation, and gradient inversion defences.

- A survey of existing works at the intersection of FL
and 2D image registration, organised by architecture, loss
design, and domain adaptation strategy.

- A comparative overview of benchmark datasets and eval-
uation metrics, with a discussion of open problems and
a research roadmap.

Section II reviews 2D medical image registration. Section III
covers FL fundamentals. Section IV addresses privacy and
security. Section V surveys FL-based registration methods.

Section VI presents datasets and evaluation. Section VII dis-
cusses open challenges, and Section VIII concludes.

II. BACKGROUND: 2D MEDICAL IMAGE REGISTRATION

A. Problem Formulation

Given a fixed image /r : Q — R and a moving image /nm :
Q — R on a spatial domain Q C RZ, deformable registration
seeks a displacement field u : Q — R2 such that ¢ = id + u
brings /am into alignment with /r:

¢ =argmin Lsim(/r, v © ¢) + ALeeg(@) (1)

where Lsim measures image dissimilarity, Lreg penalises
implausible deformations, and A > 0 controls the smoothness—
accuracy trade-off. The estimated ¢ can then propagate labels
or segment structures from moving to fixed image space.

B. Traditional Registration Methods

Classical methods solve (1) iteratively for each image pair.
Optical-flow methods [6] assume brightness constancy and
spatial smoothness. The demons algorithm [7] treats the fixed
image as a diffusing body that attracts the moving image via
virtual forces. Free-form deformation models parameterise u
using B-spline control points [8]. Atlas-based and statistical
shape methods add population-level priors.

These methods are mathematically principled but slow at
inference (O(minutes per pair)), prone to local minima, and
poorly generalisable across imaging protocols.

C. Deep Learning Approaches

1) Spatial Transformer Networks: Jaderberg et al. [3] in-
troduced the STN: a differentiable module composed of a
localisation network, a grid generator, and a bilinear sampler.
Because the entire pipeline is differentiable, the transformation
can be learned end-to-end as part of a larger network.

2) VoxelMorph: Balakrishnan et al. [2] proposed Voxel-
Morph, in which a U-Net backbone [9] takes the concatenated
fixed and moving images and directly regresses a dense
displacement field. Training is unsupervised: the loss is de-
fined entirely on image similarity and regularisation, with
no ground-truth deformation required. At test time, inference
takes milliseconds.
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3) U-Net Architectures for Registration: The encoder—
decoder with skip connections is now the standard back-
bone for registration networks. The encoder downsamples
through convolutional blocks to capture multi-scale features;
the decoder upsamples and restores spatial resolution via skip
connections; and the final layer produces a two-channel field

ulx, y) = [ux uyl].
D. Loss Functions

1) Similarity Metrics:

< Mean “Squared Error Lmse =

(MSE):

& = pea(lF (p) — Im(d(p)))2. Suited to mono-modal
pairs with similar intensity ranges.

- Normalized Cross-Correlation (NCC): Normalised lin-
ear correlation computed in local patches. More robust to
global intensity offsets caused by different scanners.

- Mutual Information (MI): Measures statistical depen-
dence between intensity distributions. Standard choice for
multi-modal registration (e.g., CT-MRI).

2) Regularisation Losses: Regularisation keeps the pre-
dicted deformation field physically plausible. Three principal
forms are used.

i IJ_iffusion regulariser (L2). Penalises large spatial gradients
’ >

Laie = | Tu(p)| *

PEQ

2

Neighbouring pixels are pushed towards similar displacements,
producing smooth fields. This is the default in VoxelMorph.

Total variation regulariser (L1). Uses the L1 norm of the
gradient:

L. =
™ =" |Vup)l
PEQ
TV regularisation tolerates piecewise-smooth fields with sharp
transitions, which is useful when discontinuities at organ
boundaries are expected.
Jacobian-based regulariser. Directly prevents folding by

penalising locations where the Jacobian determinant det(/)
1S non-positive:

3

Liac=  max 0, —det(Js(p))

PEQ

“4)

A negative Jacobian determinant is a local fold—the mapping
is no longer injective at that point. This regulariser is therefore
the most anatomically grounded of the three.

III. FEDERATED LEARNING: FUNDAMENTALS

A. Federated Learning Setup

In the cross-silo FL setting relevant to healthcare, K institu-
tions each hold a private local dataset D«. The shared objective
is:

)

Nk Fk (W)

b
k=1n

where nk = |D«|, n = <Nk, and F(w) =
Ewxy)~p,[€(w; x y)] is the local empirical loss. Raw data

min F(w) =
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never leaves the client; only model parameters travel over the
network.

B. Aggregation Algorithms

A growing number of aggregation strategies have been
proposed for FL, each making different assumptions about data
heterogeneity, communication cost, and privacy. We survey the
most relevant methods and, in Section III-C, argue for the one
best suited to 2D medical image registration.

1) FedAvg: McMahan et al. [4] proposed Federated Av-
eraging (FedAvg), the foundational FL algorithm. In each
communication round t:

1) The server broadcasts current global weights w' to all

clients.

2) Each client k runs E local SGD steps from w', produc-
ing wi*l,

3) The server aggregates: wt+l = "~ | 0 wi+l,

FedAvg is simple and communication-efficient but suffers
from client drift when local data distributions differ substan-
tially, leading to unstable convergence under strong non-1ID
conditions.

2) FedProx: Li et al. [5] addressed client drift by adding a
proximal regularisation term to each client’s local objective:

FProdw) = F (w) + #w—w ’ 6)
Kk k 2

The proximal term constrains local updates to stay near
the global model, stabilising convergence in heterogeneous
settings. The hyperparameter u > O interpolates between
pure local training (4 = 0, equivalent to FedAvg) and no
local movement (u — o0). FedProx is particularly relevant in
medical imaging, where inter-site heterogeneity is pronounced.

3) SCAFFOLD: Karimireddy et al. [14] proposed SCAF-
FOLD (Stochastic Controlled Averaging), which uses control
variates to correct for client drift rather than constraining the
update magnitude. Each client k maintains a local control
variate ¢« and the server maintains a global variate c. The
corrected local gradient update is:

gX" = VFw) —ck +c

@)

SCAFFOLD provably converges at the same rate as centralised
SGD under non-IID conditions, but requires transmitting con-
trol variates alongside model weights, doubling communica-
tion cost per round.

4) FedNova: Wang et al. [19] observed that FedAvg im-
plicitly assumes all clients perform the same number of
local steps. When clients have unequal data sizes or compute
budgets—common in real healthcare deployments—this leads
to objective inconsistency. FedNova normalises client updates
by the number of local steps before aggregation:

K t

ngl,
n tk

®)

witl=wt —n
k=1

1 s the local update and t« is the num-

where Az =wi—w .

ber of local steps taken by client k. This correction eliminates
the bias introduced by heterogeneous local computation.

| https: //ijsrem.com

5) FedBN: Li et al. [20] proposed FedBN specifically to
handle feature shift across clients. The key insight is that batch
normalisation (BN) statistics capture site-specific intensity
distributions. FedBN keeps BN layers local—never sharing or
aggregating them—while synchronising all other parameters
globally. Formally, the shared parameter set is w \ w®, and
each client retains its own weN. This is directly applicable
to registration U-Nets trained on images from scanners with
different intensity profiles.

6) FedMA: Yurochkin et al. [21] and Wang et al. [22]
proposed Federated Matched Averaging (FedMA), which ag-
gregates networks by first matching neurons across clients
using the Beta-Bernoulli process before averaging. Unlike Fe-
dAvg, which averages weights at the same index regardless of
whether they represent the same feature, FedMA aligns func-
tionally equivalent neurons before aggregation. This approach
is well-suited to networks with permutation symmetry—such
as convolutional encoders—but adds significant computational
overhead at the server.

7) Moon: Li et al. [23] proposed MOON (Model-
Contrastive Federated Learning), which uses contrastive learn-
ing at the representation level to correct local training. Each
client’s local loss is augmented with a contrastive term:

esim(z, 29)/t

T
Lmoon = Lsup — T log esim(z,29)/t 1 gsim(z,zPV)/t ©

where z is the local representation, 29 the global model repre-
sentation, and z”' the previous round’s local representation.
MOON pulls local representations closer to the global model
and pushes them away from the previous local model, reducing
representation drift.

8) Ditto: Li et al. [24] proposed Ditto, a personalised FL
framework that simultaneously trains a global model and a
per-client personalised model. The global model is trained via
FedAvg; each client then solves a regularised local problem:

mian(vk)+}Li|vk—w|2 (10)
Vi 2
where vk is the personalised model and w is the global model.
Ditto is particularly relevant when sites have strongly different
patient populations and a single global model cannot serve all
sites equally well.

9) Comparison Summary: Table 1 summarises the aggre-
gation methods reviewed above across the dimensions most
relevant to federated 2D medical image registration.

TABLE I
COMPARISON OF FL AGGREGATION METHODS FOR MEDICAL IMAGE
REGISTRATION
tho 4 on-11D Cogm. cost _Site hgerogeneity Pers&qalisation

FedProx [5] Medium Low Moderate None
SCAFFOLD [14] High High Good None
FedNova [19] Medium Low Moderate None
FedBN [20] High Low Excellent Partial
FedMA [22] Medium Medium Good None
MOON [23] Medium Low Moderate None
Ditto [24] High Low Good Full
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C. Recommended Aggregation Method for 2D Image Regis-
tration

Of the methods surveyed, FedBN [20] combined with
FedProx-style proximal regularisation is the most suitable
strategy for federated 2D medical image registration. The
reasoning is as follows.

The dominant challenge in multi-site registration is scanner-
induced intensity shift: the same anatomy appears with sys-
tematically different pixel statistics across institutions. This is
precisely the problem FedBN was designed for. By keeping
batch normalisation layers local, each site’s encoder adapts to
its own intensity distribution, while the shared convolutional
weights—which capture structural, anatomy-level features—
converge towards a common global prior. This separation of
site-specific statistics from shared anatomical knowledge is
architecturally natural for registration U-Nets.

Adding a proximal term (FedProx) prevents the shared con-
volutional weights from drifting too far during local training,
which is important when the number of local epochs E is large
or when some sites have significantly more data than others.
The combined objective at each client becomes:

FE(W) = Lam (7, Im °@w)+A Liog (¢W)+§| w\wBN—wt\wtBN| 2 Pr(IM(D) € S] < e* - Pr[M(D') € S]1+ 6

(11)
where the proximal term operates only on the shared (non-
BN) parameters. This formulation jointly addresses scanner
heterogeneity (via local BN), client drift (via proximal regu-
larisation), and deformation plausibility (via Lreg)—the three
principal challenges in federated 2D registration.

In scenarios where sites also have substantially different
patient populations (e.g., paediatric vs. adult imaging), adding
a Ditto-style personalisation layer on top of FedBN+FedProx
provides further per-site adaptation without sacrificing the
shared global backbone.

D. Non-IID Challenges in Medical Data

The IID assumption rarely holds in healthcare. Medical
datasets exhibit several forms of heterogeneity:

- Feature distribution shift: Different scanners, field
strengths, and acquisition protocols produce different
intensity distributions for the same anatomy.

- Label distribution shift: Patient demographics and dis-
ease prevalence vary across hospitals and geographic
regions.

- Quantity imbalance: Large academic centres may hold
orders of magnitude more data than smaller community
hospitals.

In registration specifically, non-IID data means that the de-

gree of anatomical deformation varies across sites—a problem
for any single global regularisation weight A.

E. Personalised Federated Learning

Personalised FL lets each client maintain a model suited
to its local distribution while still benefiting from the global
training signal. Common approaches include:

| https: //ijsrem.com
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- Local fine-tuning: After each aggregation round, the
global model is fine-tuned on local data for a small
number of gradient steps.

- pFedMe [13]: Separates the personalised and global
model objectives using a Moreau envelope.

-« SCAFFOLD [14]: Uses control variates to correct for
client drift without a proximal penalty.

- Per-layer personalisation: Encoder layers—which learn
general, often scanner-specific features—are shared glob-
ally, while decoder layers are fine-tuned locally.

IV. PRIVACY AND SECURITY IN FEDERATED MEDICAL
IMAGING

FL keeps raw data local, but model updates can still leak
patient information. This section covers the main threat models
and their defences.

A. Differential Privacy
Differential Privacy (DP) [10] provides a formal privacy
guarantee. A randomised mechanism M is (g, §)-differentially

private if, for any two datasets D and D’ differing in a single
record and any output set S:

(12)

In FL, this is enforced by clipping per-sample gradients to
norm C and injecting calibrated Gaussian noise before each
upload:

1 =h i
gc= " clip(g; €) + N (0, o2C?)
=1

(13)

Smaller € gives stronger privacy but degrades accuracy.
This trade-off is particularly sharp in registration, where the
similarity loss requires precise gradient information about
image intensities.

B. Secure Aggregation

Secure aggregation [11] lets the server compute the sum
of client updates without seeing any individual update in
plaintext. Clients use secret-sharing to mask their updates; the
masks cancel during aggregation. This defends against a semi-
honest server.

Homomorphic encryption (HE) extends protection further
by supporting arithmetic on encrypted weights. HE provides
strong guarantees but is computationally expensive—a real
constraint for the large U-Nets used in registration.

C. Gradient Inversion Attacks

Gradient inversion attacks reconstruct training images from
shared gradient updates. Zhu et al. [12] showed that images
can be recovered with high fidelity from gradients of shallow
convolutional networks. For registration networks, the risk is
higher: because the similarity loss depends directly on pixel
intensities, gradients carry information about both the fixed
and moving images simultaneously.

Practical defences include:
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- Gradient clipping and noise injection (the DP mecha-
nism described above).

- Gradient compression: Transmitting only the top-k gra-
dient components reduces information leakage while also
lowering communication cost.

- Gradient obfuscation: Adding structured perturbations
that preserve aggregation correctness but degrade recon-
struction.

V. FEDERATED LEARNING FOR 2D MEDICAL IMAGE
REGISTRATION

A. Network Architectures in Federated Registration

The dominant architecture for federated registration is the
U-Net with skip connections, instantiated in the VoxelMorph
style. The network takes the concatenated fixed and moving
images as a two-channel input and outputs a two-channel
displacement field. In the FL framework, the full network—
encoder, bottleneck, and decoder—is typically shared across
all clients.

A key design question is what to share and what to
personalise. Encoder layers capture low-level, scanner-specific
statistics; personalising them (or using site-specific batch nor-
malisation) while sharing the decoder can improve generali-
sation. Table II summarises representative architectures from
the literature.

TABLE II
REPRESENTATIVE NETWORK ARCHITECTURES IN FEDERATED 2D
MEDICAL IMAGE REGISTRATION

Architecture FL Algorithm  Personalisation Modality
VoxelMorph + U-Net FedAvg None X-ray, retinal
U-Net + BN personalisation ~ FedProx Site-specific BN Chest X-ray
Encoder—decoder + STN SCAFFOLD Decoder fine-tuning  Fundus, OASIS
Lightweight CNN FedAvg None Cardiac (ACDC)

B. Loss Functions and Regularisation under Federated Learn-
ing

The total registration loss in the federated setting follows
(1). Several FL-specific considerations arise.

Per-site A tuning. Sites imaging populations with greater
anatomical variation need larger A values than sites with more
homogeneous anatomy. Current approaches either treat A as

a non-shared local hyperparameter or learn a site embedding
that modulates A as part of the personalised model component.

Unsupervised nature. Registration losses are computed on
image pairs without any ground-truth deformation. Even a
small hospital with no annotated data can therefore partic-
ipate fully in federated training—an advantage that FL for
supervised tasks does not have.

Consistency regularisation across clients. An additional
inter-client consistency term can penalise discrepancy between
the deformation predicted by the global model and the locally
fine-tuned model. This keeps the global backbone from drifting
too far from shared anatomical priors.
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DOI: 10.55041/IJSREM64158 |

C. Domain Adaptation and Cross-Site Generalisation

Scanner heterogeneity is the main source of cross-site
domain shift in 2D registration. Strategies used in the literature
include:

- Histogram matching: Normalising intensity distributions
to a shared reference before computing similarity. Simple
and effective for mono-modal scenarios.

- Instance normalisation: Replacing batch normalisation
with instance normalisation reduces sensitivity to global
intensity statistics.

- Adversarial domain adaptation: A domain discrimina-
tor is trained to predict the site of origin from encoder
features; the encoder is trained simultaneously to fool it,
producing site-invariant representations.

- Contrastive pre-training: Self-supervised contrastive
pre-training of the encoder across sites before federated
fine-tuning for registration.

VI. BENCHMARKS AND EVALUATION
A. Benchmark Datasets

Table III lists the principal publicly available 2D medical
image datasets used in registration studies. In the federated
setting, a centralised dataset is usually partitioned across
simulated clients by site, scanner, or demographic group to
emulate the multi-institutional scenario.

TABLE III
BENCHMARK DATASETS FOR 2D MEDICAL IMAGE REGISTRATION IN
FEDERATED LEARNING STUDIES

Dataset Modality Anatomy Size Annotation
OASIS [15] MRTI (slices) Brain 416 subjects  Seg. masks
ACDC [16] Cardiac MRI Heart 150 patients ~ ED/ES labels
FIRE [17] Retinal fundus  Retina 129 pairs Landmarks
ChestX-rayl4 [18]  Chest X-ray Thorax 112,120 Disease labels
DRIVE [25] Retinal fundus  Retina 40 images Vessel seg.
Montgomery CXR  Chest X-ray Lung fields 138 images  Lung masks

B. Evaluation Metrics

A complete evaluation covers both alignment quality and

deformation plausibility.

1) Alignment Quality:

- Dice Similarity Coefficient (DSC): Overlap between
propagated and ground-truth segmentation masks after
registration. DSC = 2|A N B|/(|A| + |B]|). Higher is
better.

- Target Registration Error (TRE): Mean Euclidean
distance between corresponding anatomical landmarks in
the registered and fixed image. Lower is better; reported
in mm or pixels.

- Similarity score: NCC or MI on the registered pair,
providing a direct image-level measure.

2) Deformation Plausibility:
. Non-positive Jacobian fraction (%{p : det Js(p) < 0}):

Fraction of spatial locations with folding. Lower is better;
ideally zero.
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- Standard deviation of det(/s): Variation in local vol-
ume change. Values near zero indicate near-diffeomorphic
deformations.

3) Federated-Specific Metrics:

- Communication rounds to convergence: Rounds
needed for the global model to reach a target DSC.

- Cross-site generalisation gap: Difference in DSC be-
tween in-distribution (same site) and held-out site evalu-
ation.

- Privacy—utility curve: DSC as a function of £ under DP.

C. Evaluation Protocol in the Federated Setting

A rigorous evaluation should report:

1) Global model performance at a held-out site not seen

during training.

Performance after local fine-tuning of the global model,

to quantify personalisation gain.

3) An ablation over the number of clients K, local epochs
E, and regularisation weight A.

4) A privacy ablation reporting DSC versus &.

2)

VII. DISCUSSION

A. Open Challenges

Several problems in this area remain genuinely unsolved.

Non-IID deformation priors. The weight A encodes an im-
plicit prior over how much anatomy should deform. That prior
differs across sites. Treating A as a fixed global hyperparameter
is wrong in principle, but per-site tuning without guidance can
be arbitrary. Learning site-adaptive regularisation within FL—
in a principled way—is an open problem.

Communication efficiency. Large U-Net registration mod-
els contain tens of millions of parameters. Gradient com-
pression, low-rank update approximations, and partial sharing
(e.g., encoder weights only) are promising, but none has been
studied carefully in the registration context.

Privacy—utility trade-off in registration. Standard DP-
SGD hurts registration more than classification, because the
similarity loss needs precise gradient information about image
intensities. Noise mechanisms calibrated specifically to unsu-
pervised registration losses are needed.

Lack of standardised federated benchmarks. Most pub-
lished work simulates federation by partitioning a centralised
dataset, which may not reflect the heterogeneity of real multi-
site data. Benchmarks with genuine institutional provenance
and standardised evaluation splits would make results more
comparable and trustworthy.

Clinical translation. The path from research prototype to
clinical deployment is not straightforward. Regulatory ap-
proval for FL-trained models, behaviour under distribution
shift at deployment time, and the interpretability of predicted
deformation fields for clinicians all need attention.

B. Research Roadmap

We propose five directions:

| https: //ijsrem.com
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1) Adaptive regularisation in FL: Learn site-specific A
alongside shared backbone weights, rather than treating
regularisation as a fixed global setting.
Registration-aware DP: Design noise mechanisms cal-
ibrated to the geometry of unsupervised registration
losses, rather than applying generic gradient perturba-
tion.

3) Continual federated learning: Allow new sites to

join training incrementally without forgetting previously

learned deformation priors.

Standardised  federated  benchmarks:  Multi-

institutional 2D registration benchmarks with genuine

site-level splits, public leaderboards, and reproducible
evaluation protocols.

5) Foundation model encoders: Investigate whether large-
scale pre-trained vision models (e.g., SAM, DINOv2)
can serve as frozen encoders in federated registration,
reducing the number of parameters that need to be
communicated and aggregated.

2)

4)

VIII. CONCLUSION

This survey has examined federated learning applied to 2D
medical image registration. FL fits this problem naturally:
registration losses are unsupervised, so every participating
institution contributes to training regardless of whether its data
is annotated, while the federated protocol keeps raw images
local.

We covered the full technical stack—classical and deep-
learning registration, FL aggregation and non-IID challenges,
privacy mechanisms, and domain adaptation—and proposed an
evaluation protocol that accounts for cross-site generalisation,
personalisation, and the privacy—utility trade-off.

The intersection of FL and 2D registration is still early-
stage. Adaptive regularisation, registration-specific privacy
mechanisms, and genuine multi-site benchmarks are the most
immediate gaps. We hope this survey is a useful starting point
for researchers entering the area.
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