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SUMMARY
Deformable image registration (DIR) is essential for medical image analysis, facilitating the establishment of
dense correspondences between images to analyze complex deformations. Traditional registration algo-
rithms often require significant computational resources due to iterative optimization, while deep learning ap-
proaches face challenges in managing diverse deformation complexities and task requirements. We intro-
duce ScaMorph, an unsupervised learning model for DIR that employs scale-aware context aggregation,
integrating multiscale mixed convolution with lightweight multiscale context fusion. This model effectively
combines convolutional networks and vision transformers, addressing various registration tasks. We also
present diffeomorphic variants of ScaMorph to maintain topological deformations. Extensive experiments
on 3Dmedical images across five applications—atlas-to-patient and inter-patient brain magnetic resonance
imaging (MRI) registration, inter-modal brain MRI registration, inter-patient liver computed tomography (CT)
registration as well as inter-modal abdomen MRI-CT registration—demonstrate that our model significantly
outperforms existing methods, highlighting its effectiveness and broader implications for enhancingmedical
image registration techniques.
INTRODUCTION

Deformable image registration (DIR) plays a vital role in medical

imaging, facilitating the quantification of anatomical changes in

longitudinal studies,1 the fusion of multi-modal images,2 and

the alignment of patient images for treatment planning.3 By align-

ing imaging data frommultiple patients, physicians gain profound

insights into disease characteristics and changes, ultimately

enhancing patient diagnosis and treatment.4 While traditional

registration methods within a variational framework have found

widespread application in medical imaging research,5–8 they

are not without limitations. Computational costs, most notably

for large-scale image datasets, are of concern. Furthermore,

traditional methods may struggle to accommodate significant

appearance differences in image pairs due to the complexity

and diversity of medical imaging data. Manual parameters and

constraint selection in traditional approaches can also lead to un-

stable results.

In recent years, deep learning methods, particularly convolu-

tional neural networks (CNNs),9–12 have demonstrated significant

advancements in medical image registration, leveraging deep

neuralnetworks toextracthigh-level features fromdataandenable

swift and accurate image registration. Despite offering faster

runtime and flexible feature representation capabilities compared
iScience 28,
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to conventional optimization-basedapproaches,CNNsare limited

in capturing long-range spatial relationships. Transformer net-

works,13,14derived fromnatural languageprocessing, haveshown

promise in addressing this limitation and have successed in com-

puter vision tasks. However, their application in medical image

registration tasks involving significant displacements and high

computational complexity remains challenging.

Motivated by theconcept of convolutionalmodulation15–18 and

its adaptive aggregation of contextual information, we propose

an innovative convolutional modulation approach named scale-

aware context aggregation (SCA), which comprises two mod-

ules: multi-scale mixed convolution (MMC) and multi-scale

context fusion (MCF). These modules aim to address the limita-

tions of traditional methods by enhancing feature extraction

and integration across different scales inmedical image registra-

tion. To overcome the challenge of capturing long-range depen-

dencies, a hybrid modulation transformer architecture is intro-

duced, leveraging SCA as the encoder and a ConvNet decoder

to generate a dense displacement field. This architecture

effectively captures spatial correspondences between moving

and fixed images, enhancing the performance of downstream

tasks. Referred to as scale-aware context aggregation morph

(ScaMorph), our proposed architecture encompasses a diffeo-

morphic variant (ScaMorph-diff) to ensure smooth and
111734, February 21, 2025 ª 2024 Published by Elsevier Inc. 1
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Table 1. Quantitative results of different registrationmethods on

the atlas-to-patient brain MR registration task

Model DICE [ CI
��Jf��% 0 Y

Affine 0:412± 0:207 ½0:318 0:510���� –

SyN 0:645± 0:152 ½0:579 0:703���� 0:001± 0:002

NiftyReg 0:640± 0:166 ½0:569 0:700���� 0:020± 0:046

LDDMM 0:680± 0:135 ½0:619 0:732���� 0:000± 0:000

deedsBCV 0:733± 0:126 ½0:671 0:781���� 0:147± 0:050

VoxelMorph 0:730± 0:127 ½0:670 0:776���� 1:593± 0:337

TransMorph 0:752± 0:126 ½0:690 0:800��� 1:515± 0:335

LKU-Net 0:751± 0:133 ½0:685 0:799���� 3:263± 1:188

GroupMorph 0:738± 0:133 ½0:673 0:787���� 2:462± 0:748

ScaMorph 0:755± 0:132 ½0:690 0:803� 1:400± 0:329

VoxelMorph-diff 0:751± 0:128 ½0:697 0:800���� 0:008± 0:006

TransMorph-diff 0:757± 0:127 ½0:694 0:802�� 0:016± 0:009

LKU-Net-diff 0:755± 0:131 ½0:687 0:803��� 0:000± 0:000

GroupMorph-diff 0:743± 0:128 ½0:680 0:791���� 0:000± 0:000

RDP 0:749± 0:128 ½0:686 0:798���� 0:013± 0:005

ScaMorph-diff 0:758± 0:129 ½0:700 0:808� 0:019± 0:011

Dice score and percentage of voxels with a non-positive Jacobian deter-

minant are evaluated for different methods. A 95% confidence interval

(CI) was calculated for each method, with Cohen’s d values indicated

as follows: � � �: d s 0.8, ��: d s 0.5, �: d s 0.2. The bolded numbers

indicate the highest scores. Data are represented as mean ± SEM.
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topology-preserving deformations. Extensive qualitative and

quantitative evaluations demonstrate the robustness and effec-

tiveness of our proposedmethod in various brainMRI registration

scenarios, including atlas-to-patient, inter-patient, and inter-

modal registration, inter-patient CT registration as well as inter-

modal abdomen MRI-CT registration. Comparison with existing

registration methods confirms the state-of-the-art performance

of our model, while ablation studies further validate the effective-

ness of our proposed enhancements.

In summary, the contributions of this paper are as follows.

(1) We present ScaMorph, an innovative fusion of convolu-

tional neural network and transformer architecture de-

signed for deformable image registration. This pioneering

model seamlessly integrates local and global depen-

dencies, improving accuracy and resilience during regis-

tration

(2) To augment the performance of our model, we introduce

the scale-aware context aggregation (SCA) mechanism,

combining the powerful multiscale mixed convolution

(MMC) with the evolved lightweight multiscale context

fusion (MCF) to assimilate multiscale contexts, leading

to more precise and reliable registration outcomes

(3) To validate the efficacy of our proposed registration

model, we assess its performance across three distinct

brain MRI registration scenarios, one inter-patient CT

registration scenario and inter-modal MR-CT registration

scenario, thoroughly compared against existing registra-

tion methods, showcasing unparalleled state-of-the-art

performance. Conducting ablation studies to substantiate
2 iScience 28, 111734, February 21, 2025
and affirm the effectiveness of our proposed enhance-

ments

RELATED WORK

Deformable image registration
Deformable image registration plays a pivotal role in medical im-

age analysis, aiming to establish voxel-level correspondence be-

tween a source image and a target image in a non-linear fashion.

Existing registration algorithms utilize energy function optimiza-

tion to refine the transformation progressively. Symbolically, the

fixed and moving images are denoted as If and Im respectively,

with the registration field fmapping the coordinates of If to those

of Im. The optimization problem can be formulated as follows:

bf = arg min
f

LðIf ; Im;fÞ= arg min
f

LsimðIf ; Im +fÞ + lLregðfÞ;

(Equation 1)

where Im+f represents the warping of Im by f, and Lsimð.;.Þ
quantifies the similarity between the two input images, commonly

measured using mean squared error (MSE),6,19 normalized

cross-correlation (NCC),7 structural similarity index (SSIM),20,21

ormutual information (MI).22 Thesemetrics provide an evaluation

of the likeness between the source and target images. The term

LregðfÞ enforces regularization to foster spatial smoothness in

the deformation field.

Conventional image registration methods
In the realm of medical image registration, conventional methods

have primarily focused on optimizing transformations through

iterative minimization of the energy function, specifically Equa-

tion 1. These methods can be broadly categorized into feature-

based and anatomy-based, which measure the similarity be-

tween source and target images differently. Feature-based

methods employ volume-based techniques to calculate the cor-

relation of intrinsic features across different images, with mutual

information being a commonly used approach that iteratively op-

timizes the transformation matrix.7,23,24 On the other hand, anat-

omy-basedmethods leverage anatomical information and image

landmarks, often implementingRandomForest, or othermachine

learning techniques.6,25,26 Additionally, extensive research has

been conducted on deformable registration methods based on

elasticmodels.8However, the computational complexity of these

traditional methods remains a hurdle due to the high cost of the

iterative optimization process. Despite efforts to accelerate

registration using GPU parallel computation, limitations still exist

in efficiently processing large-scale medical images.

Convolutions-based image registration methods
Recent years have witnessed a surge in the popularity of

deep learning-based image registration methods, particularly

those employing CNNs.27–29 These approaches harness the po-

wer of deep neural networks to extract high-level features from

data, enabling efficient and precise image registration. Unlike

traditional optimization-based methods, deep learning tech-

niques offer expedited runtime and enhanced flexibility in feature



Figure 1. Qualitative results of different registration methods on the atlas-to-patient brain MR registration task
The first row displays the deformedmoving images, the second row visualizes the deformation fields, and the last row illustrates the deformed grids. Specifically,

the green, yellow, blue, and red contours respectively represent the ventricles, third ventricle, thalami, and hippocampi.
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Figure 2. Quantitative comparison of different registration methods on the atlas-to-patient brain MR registration task

Boxplots depict Dice scores for different brainMR substructures, comparing the performance of the proposed ScaMorphmethodwith existing image registration

methods. Data are represented as mean ± SEM.

Table 2. Quantitative results for brain MRI registration of the

OASIS dataset from the 2021 Learn2Reg challenge task 3

Model Dice [ SDlogJ Y HdDist95 Y

Initial 0:5718± 0:0531 0.0000 3.8311

nnU-Net 0:8464± 0:0159 0:0668 1.5003
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representation. Among the cutting-edge approaches is

VoxelMorph,9,30 which stands out as an unsupervised end-to-

end registrationmethod, conceptualizing the registrationproblem

as amapping function betweena fixed imageand amoving image

and efficiently computing the deformation field in a single step by

directly evaluating this function. Another notable contribution is

incorporating the cycle-consistency concept from image-to-im-

age translation,11 which has succeeded in the CycleGANdomain.

To address the challenge of potential entrapment in local minima

during the optimization process, LapIRN31 employs amultiresolu-

tion strategy. Furthermore, LKU-Net12 enhances the effective

receptive field by integrating parallel convolutional blocks into

the fundamentalU-Net architecture.RDP32 introducesa recursive

deformable pyramid network for unsupervised brainMRI registra-

tion. GroupMorph33 employs a group-wise correlation approach

to decompose the deformation field into multiple subfields

characterized by varying receptive fields. Despite these remark-

able advancements, CNN-based methods have limitations in

capturing spatial relationships between distant regions in images,

restricting their applicability in medical image registration.

LapIRN 0:8604± 0:0134 0.4782 1.3748

TransMorph 0:8854± 0:0143 0.4953 1.2716

LKU-Net 0:8861± 0:0150 0.5169 1.2617

ScaMorph 0:8886± 0:0148 0.8819 1.3004

The evaluation encompasses the Dice scores for 35 cortical and subcor-

tical brain structures, the 95th percentile of the Hausdorff distance, and

the standard deviation of the logarithm of the Jacobian determinant of

the displacement field for various registrationmethods. The validation re-

sults were directly sourced from the challenge’s leaderboard. The highest

scores are indicated in bold. Data are represented as mean ± SEM.
Transformer-based image registration methods
The adoption of the revolutionary transformer architecture,

initially designed for natural language processing tasks, has

extended into the computer vision domain with the emergence

of the vision transformer (ViT).13 However, applying transformers

to high-resolution images and 2D structures presents certain

complexities. To address these challenges and enhance the per-

formance of vision transformers,14 researchers have proposed

several methodologies, includingmulti-scale architectures, light-
4 iScience 28, 111734, February 21, 2025
weight convolutions, and local self-attention mechanisms.34–36

Thanks to their self-attention mechanism, which effectively

captures long-range dependencies, transformers have demon-

strated their superiority over CNNs in computer vision tasks.

These advancements have led to remarkable performance im-

provements, particularly in image registration. For instance,

TransMorph37 replaces the encoder with the Swin Transformer

to enhance the modeling of spatial correspondence between

input image pairs. XMorpher38 utilizes transformers, similar to

Swin Transformer, processing moving and fixed images sepa-

rately and facilitating information exchange through cross-atten-

tion mechanisms. In the context of cycle-consistent image

registration, Swin-VoxelMorph39 introduces a pure transformer



Table 3. Quantitative evaluation results for inter-modal brain MRI registration

Projects Methods

ET TC WT

Average CI SDlogJDice [ HdDist95 Y Dice [ HdDist95 Y Dice [ HdDist95 Y

T1/ T2 VoxelMorph 0:911± 0:031 1:883± 0:345 0:891± 0:051 1:911± 0:126 0:741± 0:088 2:236± 0:000 0:848± 0:097 ½0:741 0:911���� 0:007± 0:003

TransMorph 0:919± 0:031 1:883± 0:345 0:904± 0:045 1:911± 0:126 0:770± 0:082 2:157± 0:111 0:864± 0:088 ½0:770 0:919��� 0:009± 0:001

LKU-Net 0:924± 0:032 1:794± 0:338 0:912± 0:040 1:626± 0:150 0:789± 0:073 1:626± 0:150 0:875± 0:080 ½0:789 0:924�� 0:032± 0:007

GroupMorph 0:925± 0:038 1:609± 0:276 0:913± 0:049 1:911± 0:126 0:793± 0:076 1:732± 0:000 0:877± 0:082 ½0:793 0:925�� 0:041± 0:012

ScaMorph 0:928± 0:034 1:520± 0:150 0:917± 0:044 1:821± 0:126 0:798± 0:075 1:414± 0:000 0:881± 0:080 ½0:798 0:928� 0:031± 0:011

VoxelMorph-diff 0:910± 0:031 2:068± 0:238 0:891± 0:047 2:068± 0:238 0:741± 0:083 2:157± 0:111 0:848± 0:095 ½0:741 0:910���� 0:000± 0:000

TransMorph-diff 0:921± 0:030 1:688± 0:387 0:905± 0:049 1:821± 0:126 0:771± 0:089 1:626± 0:150 0:865± 0:091 ½0:771 0:921���� 0:000± 0:000

LKU-Net-diff 0:924± 0:030 1:805± 0:276 0:911± 0:044 1:821± 0:126 0:785± 0:081 1:414± 0:000 0:873± 0:084 ½0:785 0:924��� 0:000± 0:000

GroupMorph-diff 0:924± 0:040 1:715± 0:239 0:911± 0:050 1:989± 0:206 0:790± 0:075 1:732± 0:000 0:875± 0:083 ½0:790 0:924�� 0:044± 0:012

RDP 0:927± 0:036 1:609± 0:276 0:915± 0:046 1:989± 0:206 0:796± 0:076 1:414± 0:000 0:879± 0:081 ½0:796 0:927�� 0:030± 0:010

ScaMorph-diff 0:928± 0:031 1:609± 0:276 0:918± 0:037 1:911± 0:126 0:799± 0:071 1:414± 0:000 0:882± 0:077 ½0:799 0:928� 0:000± 0:000

T2/ T1 VoxelMorph 0:892± 0:031 2:157± 0:111 0:884± 0:050 2:631± 0:279 0:733± 0:085 2:378± 0:101 0:836± 0:095 ½0:733 0:892���� 0:003± 0:002

TransMorph 0:897± 0:029 2:229± 0:184 0:890± 0:047 2:323± 0:521 0:740± 0:087 1:989± 0:206 0:842± 0:094 ½0:740 0:897���� 0:005± 0:001

LKU-Net 0:892± 0:028 2:157± 0:111 0:889± 0:046 2:799± 0:404 0:744± 0:084 2:505± 0:245 0:842± 0:090 ½0:744 0:892���� 0:015± 0:005

GroupMorph 0:914± 0:027 1:794± 0:338 0:907± 0:043 1:989± 0:206 0:776± 0:076 1:626± 0:150 0:866± 0:082 ½0:776 0:914�� 0:011± 0:004

ScaMorph 0:915± 0:026 1:883± 0:345 0:909± 0:043 1:989± 0:206 0:778± 0:080 1:911± 0:126 0:867± 0:084 ½0:778 0:915� 0:004± 0:003

VoxelMorph-diff 0:910± 0:031 2:068± 0:238 0:892± 0:047 2:068± 0:238 0:741± 0:083 2:157± 0:111 0:848± 0:095 ½0:741 0:910���� 0:000± 0:000

TransMorph-diff 0:900± 0:028 2:378± 0:101 0:896± 0:047 2:323± 0:521 0:753± 0:082 2:157± 0:111 0:850± 0:089 ½0:753 0:900���� 0:000± 0:000

LKU-Net-diff 0:903± 0:024 2:068± 0:238 0:897± 0:044 2:505± 0:245 0:755± 0:086 2:236± 0:000 0:852± 0:089 ½0:755 0:903���� 0:000± 0:000

GroupMorph-diff 0:912± 0:027 .1:883±0:345 0:906± 0:043 1:989± 0:206 0:772± 0:079 1:626± 0:150 0:864± 0:085 ½0:772 0:910�� 0:013± 0:004

RDP 0:916± 0:026 1:794± 0:338 0:910± 0:042 1:989± 0:206 0:779± 0:078 1:732± 0:000 0:868± 0:083 ½0:779 0:916�� 0:005± 0:003

ScaMorph-diff 0:916± 0:024 1:794± 0:338 0:910± 0:039 1:794± 0:338 0:782± 0:075 1:911± 0:126 0:869± 0:080 ½0:782 0:916� 0:000± 0:000

Dice score and the 95th percentile of the Hausdorff distance for three tumor structures, as well as the standard deviation of the logarithm of the Jacobian determinant (SDlogJ) of the displacement

field are evaluated for different methods. A 95% confidence interval (CI) was calculated for each method, with Cohen’s d values indicated as follows: � � �: ds 0.8, ��: ds 0.5, �: ds 0.2. The

bolded numbers indicate the highest scores for both non-diffeomorphic and diffeomorphic models. Data are represented as mean ± SEM.
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Figure 3. Quantitative comparison of the various registration methods on the inter-modal brain MR registration task

Boxplots showing Dice scores for different brain tumor substructures using the proposed ScaMorph and existing image registrationmethods. The figure includes

both (A) T1 / T2 registration and (B) T2 / T1 registration. Data are represented as mean ± SEM.
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encoder-decoder network specifically designed for this purpose.

Liu et al.40 introduce QUIZ, an innovative approach for medical

image registration that leverages arbitrary voxel point of interest

matching. Moreover, PC-SwinMorph41 combines patch-level

contrastive learning with Swin Transformer blocks for image

registration. Despite these advancements, current hybrid net-

works still encounter challenges in effectively modeling long-

range dependencies throughout the model, thereby hindering

further performance enhancements.

RESULTS

Baseline methods
In this study, we conducted a comprehensive assessment of the

ScaMorph and ScaMorph-diff model through comparisons with

several established registration methods recognized for their

state-of-the-art performance. Initially, we evaluated ScaMorph

and ScaMorph-diff against four non-deep-learning-based me-
6 iScience 28, 111734, February 21, 2025
thods: SyN,7 NiftyReg 24, deedsBCV,42 and LDDMM.6 The

hyperparameters for thesemethodswere empirically set accord-

ing to themethodology outlined by J. Chen et al.37 Subsequently,

we expanded our evaluation to include comparisons with

various deep-learning-based methods, such as VoxelMorph,9,30

VoxelMorph-diff,10 Transmorph and its diffeomorphic variants,37

LKU-Net and its diffeomorphic variants,12 GroupMorph and its

diffeomorphic variants33 as well as RDP.32 These comparisons

served to elucidate the distinct capabilities and efficacy of

ScaMorph in the context of deformable image registration.

Atlas-to-patient brain MRI registration
Table 1 presents the quantitative assessment findings for regis-

tering the atlas and patient images. The results demonstrate

that ScaMorph achieves superior precision in image registra-

tion, with an average Dice score of 0.755, surpassing alternative

techniques. Furthermore, ScaMorph-diff achieves a slightly

higher average Dice score of 0.758 compared to ScaMorph.



Figure 4. Qualitative results of different registration methods on the inter-modal brain MR registration task

The first row displays the deformedmoving images, the second row visualizes the deformation fields, and the last row illustrates the deformed grids. Specifically,

the blue, red, and green masks respectively represent the WT, ET, and TC.
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It is worth noting that LKU-Net-diff outperforms other methods

regarding the Jacobian determinant score. However, our pro-

posed ScaMorph demonstrates significant advantages over

the LKU-Net method in terms of Dice and Jacobian determinant
Table 4. Quantitative results of the inter-patient liver CT registratio

Model Dice [ CI

VoxelMorph 0:802±0:057 ½0:783 0:

TransMorph 0:812±0:056 ½0:794 0:

LKU-Net 0:818±0:058 ½0:799 0:

GroupMorph 0:853±0:064 ½0:833 0:

ScaMorph 0:853±0:060 ½0:834 0:

VoxelMorph-diff 0:773±0:060 ½0:754 0:

TransMorph-diff 0:833±0:059 ½0:815 0:

LKU-Net-diff 0:831±0:058 ½0:813 0:

GroupMorph-diff 0:852±0:063 ½0:831 0:

RDP 0:857±0:059 ½0:838 0:

ScaMorph-diff 0:863±0:061 ½0:842 0:

Dice score of the liver structures, the 95th percentile percentage of the Haus

determinant of the displacement field are evaluated for different methods. A

hen’s d values indicated as follows: � � �: d s 0.8, ��: d s 0.5, �: ds Z s

morphic and diffeomorphic models. Data are represented as mean ± SEM
scores.Moreover, a comparison ismade between our approach

and traditional registration methods. The table clearly illustrates

that deep learning methods, with their learnable parameters,

can produce more complex network models and exceptional
n

HdDist95 Y
��Jf��% 0 Y

818���� 7:760± 3:960 0:228± 0:013

829���� 7:423± 4:019 0:255± 0:010

835���� 7:558± 5:976 2:275± 1:283

872���� 5:451± 4:840 0:002± 0:002

872� 5:607± 4:652 0:049± 0:015

791���� 8:455± 3:979 0:000± 0:000

851���� 6:683± 4:185 0:004± 0:001

848���� 7:287± 5:233 0:000± 0:000

870���� 5:553± 4:874 0:001± 0:001

876���� 5:313± 4:850 0:002± 0:001

880� 5:084± 4:811 0:000± 0:000

dorff distance, and the standard deviation of the logarithm of the Jacobian

95% confidence interval (CI) was calculated for each method, with Co-

0.2. The bolded numbers indicate the highest scores for both non-diffeo-

.

iScience 28, 111734, February 21, 2025 7



Figure 5. Quantitative evaluation results of the inter-patient liver CT registration

Boxplots depict Dice scores for different brainMR substructures, comparing the performance of the proposed ScaMorphmethodwith existing image registration

methods. Data are represented as mean ± SEM.
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registration results. In our study, we utilized the Bonferroni

correction (i.e., divided the p values by 14, the total number of

paired t tests performed) to control for type I error across paired

t tests, demonstrating the superior performance of ScaMorph-

diff with p values consistently below 0.0005, thereby enhancing

the reliability of our results. Furthermore, a qualitative compari-

son of the effects of various deep learning registration methods

on MRI slice samples is conducted through graphical represen-

tations (see Figure 1). This figure demonstrates that our pro-

posed ScaMorph and ScaMorph-diff methods yield superior

qualitative results, with the deformed images resembling the

fixed images more and showing enhanced alignment accuracy

across different brain MRI structures. Additionally, in the depic-

tion of deformation fields, it can be observed that both

ScaMorph and ScaMorph-diff methods have advantages in

the computation and visualization of deformation fields. A defor-

mation field provides a parametric representation that eluci-

dates the differences in shape and structure between a source

image and a target image, facilitating further analysis of tissue

morphological alterations or subsequent image processing

tasks. As evidenced by the provided deformation field illustra-

tions, both methods accurately capture the shape disparities

and variations between the source and target images. Figure 2

offers a detailed comparison of Dice coefficients for different

anatomical structures.

Inter-patient brain MRI registration
Table 2 presents the quantitative outcomes for evaluating the

validation dataset in the challenge. The validation scores for

different methodologies were obtained from the challenge lead-

erboard.With a Dice score of 0.8886, ScaMorph surpasses LKU-

Net (0.8861) and TransMorph (0.8854), emerging as the highest-

performing method. This achievement secured ScaMorph the
8 iScience 28, 111734, February 21, 2025
esteemed fourth position. While nnU-Net achieves the highest

SDlogJ score and LKU-Net outperforms others in the HdDist95

score, it is important to emphasize that ScaMorph maintains a

significant advantage over its counterparts overall. By attaining

the highest Dice score, ScaMorph vividly showcases its superi-

ority in accurately aligning cerebral structures compared to LKU-

Net and TransMorph, resulting in a 0.32% improvement over

TransMorph. Although ScaMorph may not achieve the best

scores in SDlogJ and HdDist95 metrics, the Dice score directly

reflects alignment precision, the most vital metric for appraising

registration performance. Thus, the comprehensive perfor-

mance of ScaMorph effectively underscores its superiority over

alternative methodologies. Furthermore, it is worth highlighting

that ScaMorph surpasses the initial model by a substantial

margin, yielding a remarkable 31.68% improvement in Dice

score. This notable improvement serves as a testament to the ef-

ficacy and robust performance of ScaMorph in accurately regis-

tering brain MRI images from the esteemed OASIS dataset.

Inter-modal brain MRI registration
Table 3 presents the registration outcomes obtained from

different techniques on the brain tumor dataset. The table in-

cludes forward and reverse registrations, and the assessment

of performance is based on the Dice score, Hausdorff distance,

and smoothness. Notably, both ScaMorph and ScaMorph-diff

demonstrate competitive performance in both registration direc-

tions (T1 / T2 and T2 / T1). Specifically, ScaMorph and

ScaMorph-diff achieve higher Dice scores compared to other

methods for most tumor structures. In the T1 to T2 transforma-

tion, ScaMorph achieves Dice scores of 0.928, 0.918, and 0.917

for the enhancing tumor (ET), tumor core (TC), and whole tumor

(WT) tumor structures, respectively, while ScaMorph-diff

achieves scores of 0.928, 0.918, and 0.918. These results



Figure 6. Qualitative results of different registration methods on the inter-patient liver CT registration task

The first row displays the deformedmoving images, the second row visualizes the deformation fields, and the last row illustrates the deformed grids. Specifically,

the green contours respectively represent the liver.
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indicate that ScaMorph and ScaMorph-diff accurately preserve

and align the similarity between brain structures. Additionally,

ScaMorph and ScaMorph-diff consistently demonstrate the

lowest scores in terms of the 95th percentile of the Hausdorff

distance. In the T1 to T2 transformation, ScaMorph and
ScaMorph-diff exhibit HdDist95 scores of 1.520 and 1.609,

respectively, while other methods have scores of 2.068 and

above. This indicates that ScaMorph and ScaMorph-diff excel

in minimizing the dissimilarities between brain structures.

Furthermore, ScaMorph and ScaMorph-diff also showcase
iScience 28, 111734, February 21, 2025 9



Table 5. Quantitative evaluation results for inter-modal abdomen MR-CT registration

Model Dice [ CI HdDist95 Y
��Jf��% 0 Y

VoxelMorph 0:717± 0:190 ½0:614 0:802���� 0:554±0:271 0:147±0:013

TransMorph 0:725± 0:181 ½0:615 0:796���� 0:555±0:270 0:109±0:017

LKU-Net 0:773± 0:186 ½0:658 0:846���� 0:596±0:290 0:141±0:028

GroupMorph 0:787± 0:162 ½0:692±0:851���� 0:640±0:257 0:127±0:016

ScaMorph 0:812± 0:135 ½0:735 0:866� 0:692±0:219 0:106±0:019

VoxelMorph-diff 0:725± 0:181 ½0:615 0:796���� 0:555±0:270 0:000±0:000

TransMorph-diff 0:762± 0:184 ½0:655 0:839���� 0:595±0:292 0:002±0:001

LKU-Net-diff 0:785± 0:173 ½0:673 0:857���� 0:633±0:278 0:000±0:000

GroupMorph-diff 0:779± 0:164 ½0:676 0:851���� 0:619±0:243 0:002±0:001

RDP 0:793± 0:167 ½0:710 0:859��� 0:661±0:257 0:006±0:003

ScaMorph-diff 0:812± 0:140 ½0:726 0:868� 0:680±0:221 0:000±0:000

Dice score and the 95th percentile of the Hausdorff distance for three tumor structures, as well as the standard deviation of the logarithm of the Ja-

cobian determinant (SDlogJ) of the displacement field are evaluated for different methods. A 95% confidence interval (CI) was calculated for each

method, with Cohen’s d values indicated as follows: � � �: d s 0.8, ��: d s 0.5, s: d s 0.2. The bolded numbers indicate the highest scores for

both non-diffeomorphic and diffeomorphic models. Data are represented as mean ± SEM.
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commendable performance in terms of the standard deviation of

the logarithm of the Jacobian determinant (SDlogJ) of the

displacement field. Although their scores are not consistently

the lowest in certain cases, they remain comparable to other

methods in most situations. Paired t-tests with Bonferroni

correction resulted in p values of p � 0:0005 when comparing

the most superior model, ScaMorph-diff, with all other methods.

This statistical evidence suggests that the proposed approach

significantly outperforms the comparative registration methods

and network architectures, accurately preserving and aligning

the similarity between brain structures whilemitigating the differ-

ences. This is of great importance for brain image analysis and

research. Figure 3 provides a quantitative comparison of inter-

modal brain MRI registration, showing that both ScaMorph

and its diffeomorphic variants achieve superior Dice metric

scores for the majority of tumor structures in both registration

directions.

Figure 4 depicts a qualitative comparison between our pro-

posed ScaMorph and ScaMorph-diff techniques and other

alignment approaches on MRI slice samples. It can be observed

that ScaMorph and ScaMorph-diff perform admirably in terms of

alignment accuracy for these three tumor structures, show-

casing exceptional alignment accuracy. This implies that both

methods excel in maintaining structural and shape accuracy

when mapping different types of tissues onto the reference im-

age. The visualization of the deformation fields (rows 2 and 3) il-

lustrates that our proposed registration model can generate rela-

tively smooth deformation fields and perform well in terms of

edge preservation and detail recovery.

Inter-patient liver CT registration
Table 4 presents the quantitative assessment outcomes of the

registration process applied to the patients’ CT images. Similar

to the findings discussed in the preceding sections, ScaMorph

and ScaMorph-diff demonstrated superior precision in the

registration results. In terms of the Dice metric, ScaMorph

achieved a score of 0:853± 0:060, indicating the highest
10 iScience 28, 111734, February 21, 2025
performance compared to the other non-diffeomorphic

models (VoxelMorph, TransMorph, and LKU-Net). Additionally,

ScaMorph achieved a score of 5:607± 4:652 on the HD95

metric, suggesting a closer alignment to the actual scenario.

Moreover, ScaMorph exhibited a low level of 0:049± 0:015 on

the percentage of metrics with non-normal comparable deter-

minants (folded pixels), further supporting its effective preser-

vation of topological properties. ScaMorph-diff obtained

scores of 0:863± 0:061 on the Dice metric and 5:084± 4:811

on the HD95 metric, demonstrating a significant improvement

over other diffeomorphic registration methods. The percentage

of non-orthonormal comparable determinants achieved by

ScaMorph-diff also remained consistently low (less than

0.0001), indicating the preservation of its topological proper-

ties. Figure 5 presents a quantitative comparison of inter-pa-

tient liver CT registration. The figure clearly illustrates that

both ScaMorph and its diffeomorphic variants achieved supe-

rior scores in the Dice metric. Paired t tests and Bonferroni

correction performed between ScaMorph and all other

methods produced p � 0:0005. The top-right panel of Figure 6

exhibits the qualitative outcomes of ScaMorph and other regis-

tration techniques on a sample slice for inter-patient liver CT

registration.

Inter-modal abdomen MRI-CT registration
Table 5 presents the quantitative evaluation results of the regis-

trationprocessapplied toabdomenMRI-CT images. Thefindings

reveal that both ScaMorph and ScaMorph-diff achieved the

highest Dice scores of 0:812± 0:135 and 0:812± 0:140, respec-

tively, outperforming other non-diffeomorphic and diffeomorphic

models. Additionally, the HD95 metric scores for ScaMorph and

ScaMorph-diff were 0:692± 0:219 and 0:680± 0:221, respec-

tively, representing the lowest values recorded among all evalu-

atedmethods.Notably, the percentageof non-orthonormal com-

parable determinants for ScaMorph-diff remained consistently

low (less than 0.0001), indicating effective preservation of topo-

logical properties. Figure 7 offers a quantitative comparison of



Figure 7. Quantitative evaluation results of the inter-modal abdomen MR-CT registration

Boxplots depict Dice scores for different Abdomen substructures, comparing the performance of the proposed ScaMorph method with existing image regis-

tration methods. Data are represented as mean ± SEM.
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inter-modal abdomen MRI-CT registration, demonstrating that

both ScaMorph and its diffeomorphic variants achieved superior

Dice metric scores across the majority of abdominal structures.

Furthermore, Figure 8 illustrates the qualitative outcomes of

ScaMorph in comparison with other registration techniques on

a sample slice for inter-modal abdomen MRI-CT registration.

Despite the substantial and complex deformations between the

fixed and moving images, our method effectively aligns corre-

sponding anatomical structures, yielding accurate registration

results.

Ablation studies
The effectiveness of the proposed ScaMorph was further inves-

tigated through ablation studies to evaluate the contributions of

the self-attention mechanism and residual blocks. Table 6 pre-

sents the quantitative outcomes of the ablation studies, demon-

strating that the proposed ScaMorph outperforms other variants

in terms of Dice scores and SDlogJ scores. This indicates the

essential nature of both the self-attention mechanism and resid-

ual blocks for the proposed ScaMorph. The self-attention mech-

anism is capable of capturing long-range dependencies and

modeling complex features, while the residual blocks facilitate

the flow of information and enhance the learning capacity

of the network. The combination of these two components en-

ables the proposed ScaMorph to achieve superior performance

in terms of registration accuracy.

Convergence and complexity
We assessed the influence of model complexity on registration

performance by analyzing the computational complexity and
parameter counts of various deep learning architectures, as illus-

trated in Figure 9. Complexity calculations were performed using

an input image size of 1603 1923 224, representative of brain

MRI scans. ScaMorph exhibits a commendable equilibrium be-

tween accuracy and computational efficiency. With a floating

point operations (FLOPs) count of approximately 845.55 million,

it significantly surpasses the efficiency of methods such as RDP,

which has an FLOP count of 4046.21 million, while also outper-

forming models like TransMorph and LKUNet in terms of param-

eter efficiency. Importantly, ScaMorph’s parameter count of 8.82

million positions it advantageously against TransMorph, which

exceeds 46 million parameters. Table 7 presents a comparison

of training time in minutes per epoch (min/epoch) and inference

time in seconds per image (sec/image) among the methodolo-

gies employed in this study. It is noteworthy that the SyN,

NiftyReg, and deedsBCV packages are CPU-based, whereas

LDDMM and the deep learning methods are GPU-based.

ScaMorph’s training time is recorded at 6.159 min per epoch,

while its inference time is 0.513 s per image. Compared to other

models listed in the table, ScaMorph’s inference time is relatively

advantageous, particularly when contrasted with methods such

as TransMorph (0.558 s/image) and GroupMorph (0.507 s/im-

age), which, despite having comparable computational profiles,

do not exhibit a significant advantage over ScaMorph. In sum-

mary, ScaMorph not only achieves superior accuracy metrics

but also preserves a favorable computational profile, thus

rendering it suitable for real-time medical image processing ap-

plications. This analysis highlights the critical need to balance

performance with computational demands, particularly within

clinical settings where timely results are paramount.
iScience 28, 111734, February 21, 2025 11



Figure 8. Qualitative results of different registration methods on the inter-modal abdomen MR-CT registration task

The first row displays the deformed moving images, the second row visualizes the deformation fields, and the last row illustrates the deformed grids. Specifically,

the blue, yellow, orange and green masks respectively represent the liver, left kidney, right kidney and spleen.
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DISCUSSION

In this study, we introduce an innovative unsupervised deform-

able image registration method based on scale-aware context

aggregation (ScaMorph), which demonstrates superior accuracy

and overall performance in brain and liver image registration.

Specifically, we developed the MMCmodule and the MCFmod-

ule, which aid in capturing complex features and long-range de-

pendencies, enhancing volumetric overlap between anatomical

structures, and reducing the number of folded voxels during

the registration process.

The proposed ScaMorph method was compared with exist-

ing state-of-the-art registration methods on three MRI datasets

from different registration tasks and modalities, including a 3D

liver dataset and an inter-modal abdomen MRI-CT dataset.

Through comparisons in atlas-to-patient brain MRI, inter-pa-

tient brain MRI, inter-modal brain MRI, inter-patient liver CT
12 iScience 28, 111734, February 21, 2025
registration, and inter-modal abdomen MRI-CT registration

tasks, ScaMorph demonstrated superior accuracy in anatom-

ical structure matching and overall registration performance.

The versatility of ScaMorph extends beyond MRI and liver im-

age registration, suggesting its applicability to a broader range

of medical imaging modalities. The potential applications of

ScaMorph encompass various medical domains, including dis-

ease diagnosis and progression monitoring, surgical planning

and navigation, and potentially other areas requiring precise im-

age registration.

Additionally, the ScaMorph-diff, a diffeomorphic variant of the

proposedmethod, was also evaluated in the aforementioned ex-

periments. The experimental results indicate that this method

surpasses existing methods in both qualitative and quantitative

performance, particularly in balancing enhanced visual quality

of images with the preservation of tissue structure details.

Even across different modalities, this method exhibited better



Table 6. Results of ablation studies

Model Dice [
��Jf��% 0 Y

ScaMorph w/o SCA & Res 0:751± 0:131 1:625±0:363

ScaMorph w/o SCA 0:752± 0:131 1:539±0:325

ScaMorph w/o Res 0:753± 0:131 1:448±0:356

ScaMorph 0:755± 0:132 1:400±0:329

The highest scores are indicated in bold. Data are represented as mean

± SEM.
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performance, highlighting its robustness, generalization capa-

bility, and detail capturing ability. Furthermore, the proposed

method is suitable for deep learning-based multimodal fusion

and can be extended to other medical imaging modalities,

such as image denoising and brain atlas construction.

In our experiments, ScaMorph demonstrated a marked

enhancement in alignment accuracy compared to TransMorph

across multiple datasets, particularly under conditions of pro-

nounced anatomical variability. The findings indicate that

ScaMorph is superior in managing complex alignment tasks,

as evidenced by the significantly improved alignment accuracy

observed in the OASIS experiments. This improvement is attrib-

utable to the introduction of a effective SCA mechanism, which

augments the model’s capacity to concentrate on pertinent

spatial features during the registration process. Consequently,

ScaMorph achieves amore nuanced comprehension of anatom-

ical structures, thereby enhancing alignment accuracy in chal-

lenging scenarios.
Figure 9. Convergence analysis of different registration methods

The number of parameters are in units of millions of parameters. Model computa

greater degree of computational complexity. These values were obtained using
This study elucidates the substantial clinical applications of

ScaMorph through various registration experiments, including

atlas-to-patient brain MRI registration, inter-patient brain MRI

registration, inter-modal T1 and T2 brain tumor registration, in-

ter-patient liver CT registration, and inter-modal abdomen MRI-

CT registration. For instance, in atlas-to-patient brain MRI

registration, ScaMorph significantly improves the alignment of in-

dividual patient scanswith a standardized brain template, thereby

enhancing diagnostic accuracy in the identification of abnormal-

ities. The inter-patient registration experiment further highlights

its proficiency in accurately aligning images from disparate pa-

tients, a critical factor for comparative studies and personalized

treatment strategies. In thecontext of T1andT2brain tumor regis-

tration, ScaMorph facilitates precise tracking of tumor evolution

over time, which is instrumental in monitoring treatment re-

sponses and disease progression. Additionally, the liver CT regis-

tration underscores its utility in surgical planning, where accurate

imagealignment can inform interventions andmitigate procedural

risks. Lastly, the Abdomen MRI-CT registration experiment ac-

centuates ScaMorph’s versatility across imaging modalities,

enabling comprehensive evaluations of abdominal pathologies.

By integrating these applications, ScaMorph not only enhances

technical performance but also optimizes clinical workflows, ulti-

mately improving decision-making and patient outcomes.

Limitations of the study
Despite the promising advancements offered by ScaMorph, we

acknowledge certain limitations that beckon further exploration.

The current study’s focus on brain and liver organ registrations,
tional complexity comparisons represented in GMACs. Greater values imply a

an input image of size 1603 1923 224.

iScience 28, 111734, February 21, 2025 13



Table 7. Average training and inference times for different

methods used in this study

Model

Training

Time(min/epoch)

Inference

Time(sec/image)

SyN – 165.356

NiftyReg – 28.451

LDDMM – 53.756

deedsBCV – 28.842

VoxelMorph 3.244 0.261

TransMorph 7.198 0.558

LKU-Net 6.862 0.481

GroupMorph 10.161 0.507

ScaMorph 6.159 0.513

VoxelMorph-diff 3.452 0.294

TransMorph-diff 8.098 0.593

LKU-Net-diff 7.949 0.562

GroupMorph-diff 16.369 0.589

RDP 13.057 0.376

ScaMorph-diff 7.713 0.544

Note that SyN, NiftyReg, and deedsBCV were executed on CPUs, while

LDDMM and learning-based methods utilized GPUs. Inference times are

averaged over 30 repeated runs.
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for instance, restricts the generalizability of our findings. Future

research should aim to extend themodel’s capabilities to organs

experiencing larger deformations, such as the lungs and breasts,

to validate its efficacy across a broader spectrumofmedical sce-

narios. Moreover, the limitation to T1 and T2 image registrations

points to an opportunity for expanding the model’s utility to

encompass registrations betweenMRI andCT scans or other im-

aging modalities. Such expansions could significantly enhance

ScaMorph’s applicability, making it an invaluable tool across a

wider range of medical imaging contexts. Additionally, the pro-

spective integration of segmentation and registration processes

presents an exciting avenue for research, promising to simulta-

neously enhance the accuracy of both tasks. This could lead

to more comprehensive and efficient approaches to medical im-

age analysis and interpretation, further solidifying the role of

advancedmodels like ScaMorph in revolutionizing medical diag-

nostics and treatment planning.
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METHOD DETAILS

Datasets and preprocessing
To comprehensively validate the proposed methodology, a series of experiments were conducted following the methodology out-

lined in ref. 37 and 47. Five distinct datasets, comprising over 1500 pairs of images, were utilized. Each dataset played a crucial

role in evaluating the robustness and efficacy of the proposed methodology. Below are the details of each dataset and the prepro-

cessing steps taken for each task:

Atlas-to-patient brain MRI registration

TheDatabase:IXI dataset includes 576 3DMRI scans from healthy individuals at three hospitals. In this study, we used pre-processed

IXI data provided by 11. The dataset was divided into training, validation, and test sets, with 403, 58, and 115 volumes, respectively,

following a ratio of 7:1:2. Essential pre-processing procedures for structural brain MRI, such as skull stripping, resampling, and affine

transformation, were performed using FreeSurfer software.48 Subsequently, all image volumes were cropped to dimensions of 1603

1923 224. The alignment performance was evaluated using 29 labeled maps representing anatomical structures.

Inter-patient brain MRI registration

The OASIS dataset, consisting of 416 cross-sectional T1-weighted MRI scans, was used for inter-subject brain registration. We em-

ployed the pre-processed OASIS dataset provided by the Learn2Reg 2021 Challenge (Task 3),49 which includes 414 three-dimen-

sional scan images. Each MRI brain scan underwent preprocessing steps, including skull stripping, alignment, and normalization,

resulting in a resolution of 1603 1923 224. The registration performance was evaluated using label masks of 35 anatomical struc-

tures, with the Dice Score employed as an assessment metric.

Inter-modal brain MRI registration

The BraTS 2021 dataset contains multi-modal MRI scans, including T1, T2, T2-FLAIR, and T1CE sequences, from 2000 patients.

Segmentation labels are available for 1251 individuals, with a subset of 500 cases, specifically the T1 and T2 weighted images, uti-

lized for the experiments. The dataset was partitioned into training, validation, and testing subsets, with 350, 50, and 100 images,

respectively. Since the provided T1-T2 MRI images were acquired nearly simultaneously and were already aligned, we adopted

the approach described in 50. Random affine and non-affine transformations were applied to the moving and target images during

training and testing. The non-affine transformation involved utilizing elastic transformations to spatially transform the moving and

target images, followed by Gaussian smoothing. The degree of deformation was set at 500, with a Gaussian smoothing radius of

12. All images underwent normalization and were subsequently cropped to a size of 1603 1923 160.

Inter-patient liver CT registration

TheLiTSdataset comprises130setsof trainingscansand70setsof test scans,with the labels for the testdataundisclosed. In this study,

weutilized thepreprocessedLiTSdataprovidedbyVTN.47All imageswerecroppedandzero-padded toa sizeof 12831283128 around

the liver, and exposure adjustments were applied to normalize the images, aligning their histograms to ensure optimal comparability.

Inter-modal abdomen MRI-CT registration

This dataset comprises 8 paired CT-MRI scans and 90 unpaired CT/MRI scans sourced from the Abdomen MRI-CT Task in

the Learn2Reg challenge.49 The scans exhibit a resolution of 19231603192 with a voxel size of 23232 mm. Each scan is accom-

panied by an abdominal mask, facilitating the exclusion of irrelevant regions outside the abdomen. The dataset encompasses four

segmentation categories: liver, spleen, right kidney, and left kidney. For training and testing purposes, we randomly paired the un-

paired CT/MRI scans to create 45 pairs, utilizing the 8 paired CT-MRI scan pairs for testing. Notably, variations in body shape and
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posture can induce significant displacements between abdominal scans, necessitating that the registrationmodel effectively accom-

modates large deformations.

Implementation
Our methodology was implemented using the PyTorch framework on a server equipped with an NVIDIA A100 GPU. The models un-

derwent 500 epochs of training using the Adam optimization algorithm, with a fixed learning rate of 1310� 4 and a batch size of 1. No

data augmentation was employed during the training process. Due to memory constraints, the MMC module comprised 4 branches

with convolutional kernel sizes of 3, 5, 7, and 9.We used identical hyperparameters to ensure comparability with thework of Chen et al.

(2022). Various task-specific loss functions were utilized in our experiments. Specifically, for the 3D OASIS registration (Learn2Reg

task 3), we implemented the Lsim, Lreg, and functions. Conversely, for the remaining three tasks, only the Lsim and Lreg functions

were employed. Across all tasks, the values of l and g were standardized to 1. The model achieving the highest Dice score on the

validation set was selected for further evaluation.

Evaluation metrics
In evaluating each model’s registration performance, a comprehensive examination of the overlap in anatomical and organ segmen-

tation was conducted, with quantification using the widely utilized Dice score.51 The Dice scores for all anatomical and organ struc-

tures were averaged across all patients, and the mean and standard deviation of these averaged scores were then compared among

different registration methods. Additionally, the regularity of the deformation fields was gauged through the reporting of the percent-

ages of non-positive values in the determinant of the Jacobian matrix of the deformation fields. The smaller the value, the better the

registration ability of deformation. To further assess the performance for inter-modal brain MRI registration, inter-patient liver CT

registration tasks and inter-modal Abdomen MR-CT registration, the Hausdorff distances52 were employed to measure the degree

of boundary matching between different modality labels. These meticulous evaluation metrics offer valuable insights into the perfor-

mance and robustness of the proposed ScaMorph model for deformable image registration, thereby underscoring its potential in

clinical and research applications.

Overall architecture
In this study, we propose the ScaMorph model for deformable image registration, as illustrated in Figure S1. The model employs a

deformable image registration (DIR) network to produce a non-linear deformation field, denoted as f, from the input images, which

consists of the moving image Im and the fixed image If . The spatial transformation function53 in the network warps the mobile image

Im to Im+f. The backbone architecture of the network is based on U-Net, integrating an encoder-decoder neural network structure

with skip connections. Furthermore, the network can incorporate additional information, such as anatomical segmentation, to

enhance registration accuracy. The subsequent sections comprehensively describe our neural network architecture, loss functions,

and diffeomorphic variants.

Deformable registration network
The architecture of ScaMorph, depicted in Figure S2, involves the initial processing of the input data represented as X ˛ RH3W3D3S

by a reg head layer. This layer generates a sequence of 3D tokenswith dimensions of H
H0 3

W
W 0 3

D
D0. These tokens are then projected into

an embedding space of dimension C. In the encoder, the size of the embedding channel C is set to 16, whileH0,W 0, and D0 are all set

to 2. The network consists of four stages, each with a downsampling rate of 4, 8, 16, 32. The Sca blocks in the encoder retain the

same number of tokens as the input, preserving the hierarchical structure. To maintain this structure, a patch merging layer is stra-

tegically inserted at the end of each stage, reducing the resolution by a factor of 2 and resulting in a 4C-dimensionals feature embed-

ding. The decoder section includes consecutive upsampling and convolutional layers with a kernel size of 33 33 3. During the

decoding stage, each upsampled feature map is connected to the corresponding feature map in the encoding path via skip connec-

tions, followed by a decoder block. Additionally, ResBlocks54 are strategically utilized after each output featuremap of the encoder to

enhance the propagation of output results from the encoding path.

Scale-aware context aggregation
Multiscale Mixed Convolution

Within the building block of our encoder, we adopt a structure similar to ViT. Instead of using the self-attention mechanism, we intro-

duce a revolutionaryMultiscaleMixed Convolution (MMC)module. MMCutilizes a convolutional modulation approach that combines

the benefits of depthwise and pointwise convolutions. MMC enhances the receptive field and captures multi-scale features by

dividing input channels into N heads and applying separate depthwise separable convolutions to each head (Figure S2(e)). Mathe-

matically, MMC can be expressed as:

MMCðXÞ = Concat
�
DConvk1 ðx1Þ;.;DConvknðxnÞ

�
; (Equation 2)

where X = ½x1; x2;.; xn� represents the input feature map, xi indicates the i-th feature map, and ki denotes the kernel size of the i-th

feature map. Each branch uses DConv to represent depthwise convolution. To approximate conventional depthwise convolutions
e2 iScience 28, 111734, February 21, 2025
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with larger kernels, we employ three depthwise strip convolutions that simulate a 3D convolution with a kernel size of 53 53 5. This

is achieved by applying a combination of 53 13 1, 13 53 1, and 13135 convolutions in a lightweight strategy, enlarging the recep-

tive field and enhancing the model’s ability to capture long-range dependencies.

Multiscale Context Fusion

To facilitate the smooth exchange of information amongmultiple entities within theMultiscale Modulation and Context Fusion (MMC)

framework, we introduce a lightweight module calledMultiscale Context Fusion (MCF), as shown in Figure S2(e). Forming a collective

by selecting one channel from each entity and utilizing the inverse bottleneck architecture, we perform an upward-downward fusion

operation within each collective. This operation enhances the diversity of multiscale characteristics, and we capture the inter-group

relationships using a 13131 convolutional layer. The input, denoted as G˛RH3W3D3C, undergoes cross-group information aggre-

gation for all characteristics using point-wise convolution to achieve cross-fertilization of global information. TheMCFmodule can be

mathematically expressed as follows:

MCFðGÞ = Convð½Convðg1Þ;Convðg2Þ;.;ConvðgMÞ�Þ; (Equation 3)

where M = C=N, and gi represents the i-th collective. The MCF module is a streamlined version of the self-attention mechanism,

effective in capturing long-range dependencies.

After capturing and aggregating multiscale spatial characteristics with MMC and MCF, we obtain an output characteristic map

referred to as the modulator M. Subsequently, we utilize this modulator to modulate the value V through scalar multiplication. For

the input characteristic F ˛RH3W3D3C, the output is computed as follows:

M = MCFðMMCðWsFÞÞ;
AttnðFÞ = M5ðWvFÞ; (Equation 4)

whereWs andWv represent weight matrices of linear layers, respectively. The symbol5 denotes element-wise matrix multiplication,

andAttn represents the attentionmap. Unlike self-attention, which generates anN3N3N attentionmap, themodulator preserves the

channel dimension. This characteristic allows spatial- and channel-specificmodulation of the value after element-wisemultiplication,

ensuring memory efficiency, particularly when processing high-resolution images.

Loss function
The loss function for network training is derived from the energy function of conventional image registration algorithms, specifically

Equation 1. This loss function consists of two main components: quantifying the similarity between the deformed moving image and

the fixed image, and enforcing smoothness in the deformation field. The overall loss function for network training is defined as follows:

LðIf ; Im +fÞ = LsimðIf ; Im +fÞ+ lLregðfÞ; (Equation 5)

where Lsim measures image fidelity, and Lreg signifies deformation field regularization.

Measurement of image similarity

We conducted experiments using two widely adopted similarity metrics for Lsim. The first metric was the mean squared error (MSE),

which calculates the mean of the squared differences in voxel values between If and Im+f:

MSEðIf ; Im +fÞ =
1

U

X
v˛U

jIfðvÞ � ½Im+f�ðvÞj2; (Equation 6)

where v indicates the voxel location, and U represents the image domain.

Another similarity metric used was the local normalized cross-correlation between If and Im+f:

NCCðIf ; Im +fÞ =
1

U

X
v˛U

�
IfðvÞ � mIf

��
Im+fðvÞ � mIm+f

�
sIfsIm+f

; (Equation 7)

where mIf and mIm+f denote the mean voxel values of If and Im+f respectively, and sIf and sIm+f represent the standard deviations of If
and Im+f respectively.

Regularization of the Deformation Field Minimizing the Lsim function facilitates the approximation of Im+f to If , potentially resulting

in a non-smooth � operation devoid of physical realism. To enhance the smoothness of the displacement field, we apply a diffusion

regularizer to the spatial gradients of the displacement u:

LregðfÞ =
X
v˛U

kVuðvÞk2; (Equation 8)

where uðvÞ represents the spatial gradients of the displacement field u. We estimate spatial gradients using forward differences, spe-

cifically vuðvÞ
vx;y;zzuðvx;y;z + 1Þ � uðvx;y;zÞ.

Auxiliary Segmentation Loss In addition to the loss functions for image similarity and deformation field regularization, we introduce

an auxiliary segmentation loss to improve the model’s performance. This loss compares the predicted segmentation mask with the
iScience 28, 111734, February 21, 2025 e3
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ground truth segmentation mask and is defined as:

LsegðSf ;Sm +fÞ = � 1

K

XK
k = 1

Dice
�
Sf

k ;Sm
k +f

�
= � 1

K

X
k

2
P

v˛USf
kðvÞ

h
Sm

k+f
i
ðvÞ

P
v˛U

�
Sf

kðvÞ
�2

+
P

v˛U

�h
Sm

k+f
i
ðvÞ

�2
; (Equation 9)

where Sf and Sm represent the organ segmentation of If and Im, respectively. The index k indicates the structure for If and Im. We

employ nearest-neighbor interpolation to deform theK-channel Sm and f, enabling us to computeSm
k+f and propagate the gradient

of Lseg back through the network. Combining Lseg with Equation 5, we obtain the objective:

LðIf ; Im +fÞ = LsimðIf ; Im +fÞ + lLregðfÞ+gLsegðSf ;Sm +fÞ; (Equation 10)

where g is a weighting parameter controlling the strength of Lseg.

Probabilistic variants
In this section, we introduce the concept of diffeomorphic registration using the ScaMorph method. The objective of diffeomorphic

registration is to find a smooth and differentiable deformation field that preserves the topological characteristics of the image. To

achieve this, we introduce a latent variable denoted as z, which serves as a parameter for the infinitesimal motion field referred to

as f. The latent variable z follows a multivariate Gaussian distribution with a mean of zero and a covariance matrix denoted as

Sz, serving as the prior distribution pðzÞ:
pðzÞ � N ðz;0;SzÞ; (Equation 11)

To achieve a diffeomorphism, as advocated in 10,23,55, we define the variable z as a stationary velocity field (SVF) responsible for

governing the trajectory of the diffeomorphic deformation field fðtÞ, where t˛ ½0;1�. The SVF undergoes an integration process over

time using a scaling and squaring layer (SS) to obtain the final motion field fð1Þ at t = 1. The integration process is accomplished by

recursively computing fð1=2tÞ = fð1=2t+1Þ+fð1=2t+1Þ, commencing from fð1=2T Þ = p+ vðpÞ=2T , wherein p represents a spatial location

and vðpÞ denotes the velocity field. In our experiments, we select T = 7 to ensure that vðpÞ=2T remains sufficiently small.

Upon obtaining the latent variable z and themotion field f through the SS layer, we utilize a spatial transform layer to warp the fixed

image If by f and acquire a noisy observation of the warped image denoted as Im. This observation can be depicted as a Gaussian

distribution:

pðImjz; IfÞ = N
�
Im; If +f;s2I

�
; (Equation 12)

where s2 represents the variance of the additive image noise.

Themainobjective is toestimate theposterior distributionpðzjIm; If Þ for registration toobtain themostplausiblemotionfieldf for a new

image pair. However, direct computation of this posterior distribution presents challenges. Consequently, we adopt a variational

approach and introduce an approximate posterior distribution denoted as qcðzjIf ; ImÞ, which is parameterized by a fully convolutional

neural network (FCN)moduledenotedasc. Theapproximateposterior distribution isassumed tobeamultivariateGaussiandistribution:

qcðzjIf ; ImÞ = N
�
z;mzjIf ;Im ;SzjIf ;Im

�
; (Equation 13)

where the mean mzjIf ;Im and diagonal covariance SzjIf ;Im are learned by the FCN.

To estimate the parametersc, our goal is to minimize the Kullback-Leibler (KL) divergence between the approximate posterior and

the prior distribution, while simultaneously maximizing the evidence lower bound (ELBO)56 of the log marginalized likelihood. This

leads to the following loss function:

min
c

KL½qcðzjIm; If ÞkpðzjIm; IfÞ�= min
c

KL½qcðzjIm; IfÞkpðzÞ� � Eq½log pðImjz; IfÞ�+ log pðImjIfÞ: (Equation 14)

whereKL denotes KL divergence, Eq represents the expectation concerning the approximate posterior, and pðImjIf Þ is the Boltzmann

distribution that measures the similarity between the warped image If+f and the observed image Im.

The loss function comprises two terms: a reconstruction loss term and a similarity loss term that assesses the resemblance be-

tween the warped image If and the observed image Im. In this study, we employ a normalized local cross-correlation (NCC)7 metric

to quantify the similarity between the images. Moreover, we model pðImjz; If Þ using the Boltzmann distribution:

pðImjz; IfÞ � expð � gNCCðIm; If +fÞÞ; (Equation 15)

where g represents a negative scalar hyperparameter. Finally, the loss function can be articulated as:

Lkl = KL½qcðzjIm; IfÞkpðzÞ� � Eq½log pðImjz; IfÞ�

=
1

2

h
tr
�
lDSzjx;y � log Szjx;y

�
+mT

zjx;yLzmzjx;y
i

+
g

K

X
k

NCCðIm; If+fkÞ+ const;

(Equation 16)
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whereD represents the graph degreematrix defined on the 3D image pixel grid, andK is the number of samples used to approximate

the expectation. In our experiments, we set K = 1. Additionally,Lz denotes a diagonal matrix with the eigenvalues ofSzjx;y along the

diagonal. The first term in Equation 16 corresponds to the KL divergence between the approximate posterior and the prior, while the

second term represents the reconstruction loss. The constant term is independent of the parameters c and can be disregarded dur-

ing optimization.

QUANTIFICATION AND STATISTICAL ANALYSIS

To mitigate the effects of random dataset partitioning, a five-fold cross-validation procedure was employed. Models were trained on

three folds of the data, with one fold reserved for validation to identify the most effective model configuration. The remaining fold

served as a test set to evaluate themodel’s performance. Additionally, themodel’s generalization ability was assessed on an external

dataset. Statistical significance was established at p < 0.05 (two-sided) using a two-tailed test. A 95 % confidence interval (CI) was

calculated for each method, incorporating Cohen’s d values to quantify effect sizes.
iScience 28, 111734, February 21, 2025 e5
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