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Abstract: Objective Medical image registration plays an important role in clinical applications such as surgical naviga-
tion, disease progression monitoring, and multimodal diagnosis. The accuracy of image registration is critical to ensuring
the reliability of subsequent image analysis. Traditional methods formulate the registration process as optimization problem
by maximizing the similarity between the fixed and warped moving images, and employ iterative optimization strategies to
gradually update the deformation field. While such approaches provide clear theoretical interpretability, their high compu-
tational costs fail to meet real-time clinical demands. In contrast, deep learning-based methods leverage large-scale datas-
ets to learn the deformation field directly. Although these data-driven approaches have demonstrated remarkable improve-

ments in registration speed and accuracy, they operate as black-box models with limited interpretability. Moreover, most
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current approaches continue to depend on manually designed regularization terms, which may lack adaptability to diverse
anatomical structures. To address these challenges, we propose an unfolding-based registration network that combines the
theoretical guarantees of traditional optimization with the high efficiency and adaptive learning capabilities of deep neural
networks. Method Specifically, by introducing variable splitting, we first decouple the registration problem into two sub-
problems: a similarity-constraint subproblem and a deformation-regularization subproblem. This decomposition reduces
optimization complexity and allows each subproblem to be addressed separately. Inspired by deep unfolding network, the
alternating update process between the two subproblems is mapped to a multi-stage cascaded architecture. Each stage corre-
sponds to one complete iteration of the optimizer, providing clear physical and mathematical foundations and enhancing
interpretability compared to traditional end-to-end models. Within this framework, two specialized modules are designed to
address each subproblem. The fidelity module (FM) is employed to solve the similarity-constraint subproblem. Convolu-
tional neural network (CNN). is widely used in deep learning-based registration. However, the limited receptive field of the
convolution kernel leads the network to focus on local feature information. While the Transformer uses the self-attention
mechanism to effectively capture global dependencies. By integrating the strengths of these two architectures, the FM is
designed based on the TransUnet framework. This hybrid design allows the FM to combine local features with global con-
text. The denoising module (DM) is designed to solve the deformation-regularization subproblem. Instead of using hand-
crafted regularization terms, we approximate the regularization term using a trainable neural network. Concretely, the DM
adopts the DnCNN (denoising convolutional neural network) architecture and incorporates residual connections. This
allows the model to adaptively learn priors in a data-driven manner, improving generalization across different anatomical
structures. These two modules jointly complete a single alternating iteration and are cascaded to form the deep unfolding
network. The overall network is trained with a loss function that balances image similarity, deformation consistency
between the outputs of the FM and DM, and smoothness of the deformation field. The proposed network is implemented
using the PyTorch framework and trained on an NVIDIA Tesla V100 GPU with 32 GB of memory. The model is optimized
using the Adam optimizer with a learning rate of le-4, a batch size of 1, and is trained for 500 epochs. The Transformer
component in the FM was configured with 4 attention heads, 8 encoder layers, and an MLP dimension of 96. The unfolding
network was constructed with 3 cascaded stages. Result Experiments were conducted on two publicly available brain mag-
netic resonance imaging (MRI) datasets: LPBA40 and OASIS. We compared our method with a range of state-of-the-art
models, including traditional registration methods LDDMM (large deformation diffeomorphic metric mapping) and SyN
(symmetric normalization) , as well as learning-hased methods such as VoxelMorph, TransMorph, UTSRMorph and H-
SGANet. The quantitative evaluation metrics contained dice similarity coefficient (Dice) , the percentage of non-positive
Jacobian determinants and inference time. The proposed method achieved an average Dice of 70. 1% on LPBA40 and
79. 9% on OASIS. The percentage of non-positive Jacobian determinants remained at a low level of 0. 01% on both datas-
ets. The inference time was 0.55 s on LPBA40 and 0.37 s on OASIS. Although slightly higher than some deep
learning-based models due to the cascaded unfolding architecture and Transformer modules, the time remained clinically
feasible. Visualized results also indicated that the deformation fields produced by the proposed method was smoother and
more consistent with anatomical priors. Additionally, we carried out a set of ablation studies and reported corresponding
quantitative results. These ablation studies explicitly demonstrated the effectiveness of individual modules in our proposed
model, including the variable splitting strategy, the TransUnet-based fidelity module and the residual connection-based
denoising module, and assessed the influence of key hyperparameters. Conclusion In this study, we proposed a deep
unfolding network for medical image registration that effectively combines the interpretability of traditional iterative methods
with the efficiency and adaptability of deep learning. By unrolling a decoupled optimization model into a trainable network
with fidelity and denoising modules, the proposed approach strictly corresponds to a specific step in iterative algorithms.
Experiments demonstrate that the proposed method significantly enhances interpretability while maintaining high efficiency
and accuracy.
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Fig. 1  Deep unfolding registration network architecture based on model decoupling
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2016) . ZAEH K PILE SR TN IR 4 7R . BARTTE
W28 Gl 1 2> LR, BB A DnCNN
T, B E M3 x 3 x 3BRZNERZ .
BNFIReLU. )i, >R IR 22 2L, 45 iy A B
5 2 2R R AR SRR AT R 4 1
TP ARG PR BRSO GBS ke T
B SE R AR S AT B, DT R T 1 253011 2%
(R X B, sk 2D T RT RE M A B R R s LA

[

P4 LM 45 2t

Fig. 4 Network architecture of the denoising module

2.3.4 KRR
FEREA N Grad B v, A SOl I35 7 iR 25 K PP A

[#1 5 R 5 A8 4 5 1B 3 B 2 TR] i AR LUEE T 25 3
B B 1 L, S 0H T 10 BB A8 5 1) 4 R D) Je— 3
PR 20 R AL ) — Bk . R, BN
Ly = ALy (1, © wl)+ (1= X)L, (1, © o))

2 2 (7)
A V[ 4 Ay u =]

3 X

3.1 HIEE

SR UE P JIT 4 £ 68 R A 2R g R A6 1 U 2~ £
DRI T ICHETT 15 AT R, FATTHE 2 TTAY LPBA40
(Shattuck %5, 2008) 5 OASIS (Daniel %, 2007) Jiti &4
Bt JIT 525

LPBA40 {37 40 {1 fixi ¥ MRI 1 ifi £ 4fs , 34>
T 54 fERI XK. X LPBA4O Bl 45, r f &
A4 51 A FH A2 s L P 08 A B AR A FreeSurfer T B
PEAT P E R R R B S R AR R R RS R
Imm X 1mm % Imm , FRG ERSEAT 05 55 28 30, B )5

FITA G355 J 160 x 192 x 160 K/, 1E525
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NESHE B v BE AL B 1 4 Sy [ R, R AE N
R sl KR , S At 30 X UIZARFE AT 9 XHlAAE A

OASIS 4 £ A 5 4 144 1 3 MR 45 B8
F-hor BT 35 A X3, X OASIS $dis 4 oF
A7 PAL 3, 32 2 R 6 15 5L T FreeSurfer 19 38 B2 ¢
TE SR B DA R =S (AR HEAL S A0 B B S 4 TR R
R 1mm X Imm X 1mm, 378 K /N # 57 H 160 x
192 x 224, TESZE A FF E0dkE 4R BEDLRI 70 254
N ZRREAS |20 G5 TEREAS B 140 (I UREAS
3.2 XWiEE
3.2.1 ZSEEGIREE

% 3L S 8 3 F PyTorch #E 42, GPU 7 NVIDIA
Tesla V100, {2 17 K /N K 32GB. 7E S50 b, i $£
Adam P Ak A% 04T 9 450 25 LA BOR/N R 1,2 2]
N1 X 107, EARKECHN 500, Transformer FEH 2
BOCEWNT RS SRBON 4 i fRZ 80 8 . MLP
YEEEN 96, FEITFMZIZEN 3.
3.2.2 HEGE

T UERA A S A RO S R LT
B TR T X L, 45 1% Gt 7 vk AL T IR 2 2
W J5 . 14, % 8 LDDMM (Beg % , 2005 ) F1 X}
FRIA— 10375 (Avants 55,2008 ) , 1% 7 il of A4
Bk F ML A . [FIRHEH T 3T CNN e o
771 : VoxelMorph ( Balakrishnan %5 ,2019) , 1% J5 7% J&
UREE“F S B R R e TAE . BeAh, Hee T4k
H4 Transformer fill AL 7 ) 26 B #2780, 53 531] J2& Trans-
Morph (Chen %, 2022) . UTSRMorph (Zhang i
2025) ,H-SGANet (Zhou %5 ,2025) . LDDMM £l SyN
7 ¥ i F Python %) Ants T. B AL 508 . F& T H-
SGANet, £ TR 2~ 7 LR RS AT E
DA KBNS HO B AT %R . T H-SGANet
FRE AR 18 A A T ASIF S8 B 5 L T D Sk bl
HIE IR, A SRR ZRAE g0 Uk A il i
Hoi e b AR A~ B B BARREA Y 73 AN ]
3.2.3 RS

1 B HTBL R ] (dice similarity coef-
ficient, Dice)

Dice 2 H0H] T 153 1 M P A5 ) A 151 245 H ) o

BREEE R B R ICE R B FE B o Dice
FB AT R 0 — 1, (EBHE T 1 3R BT RS 2

i, HA AR
. | XNY|
Dice(X,)Y) =2 -
=2 X7y
FLrp XY 4 3R B I 9 20 R (R [ e 14

bR KA

(8)

2 FEREEATSIEC

T MRS IE AR Y b B B, BT RUHRE
G HHERT AT S AR R AR G N R v ke
Fr 8 AAE Y S TR, 57 Hh B0 £ 0 2 132 DX Il A
AR o W T GURE T AR AT A 2 4y
L, AT LU RO e 2 e AT T S R . i
A AT AR A AR

0x Jdy 0z

| 9b, 9d,  dd,
o =1 s dy 0z (9)

0x Jdy 0z

3.3 #R5ite

1 R/R T 78 LPBA4O 1 OASIS Htdls 4E I, frd
TR S AR LR Fe 7 vk S5 SR . i Dice
43 & LPBA40 BE 45 54 4~ X 3 Dice (B35 2%
H OASIS Bl 48 35 4N X 3 Dice {H (4 F 24 45 5 0 AE
FIBHRE b ARSI RAE RS B LA T miK
S, SURERT BB T 91 20A A3 et A TR, 15
W e A T A8 S TR A 5 A ) 2 A o FE TR R
D3 THT , AR SO 5 T AR B 6 v T e B R 2 S X [
ik, X FE TR R 224G P Transformer F57 H
IRV Bl e By H BT F 8 (HATS 78 AT 42232 S 1
WL IR ARGk AR AL . SEBUBIRY AT A e |
K B2 SR0OR Z [y R A4 .

SR T TRl A LSS R, B—51 R
J by S, A0 45 [ MR NS sl RS . /i = AT R
LPBA40 4R 4R HZE IR, 5 =47 OASIS Bdfa % |
ZER . X T EAEARE, B AT ER Ty
PARBIMIE AR J5 EUR B AT IR THR 28, 55 = A7
JEIR T I AE G ks . NI AR 5 BG5S L 3% 25 B ok
F , HHETF VoxelMorph , 48 SC 7 ¥ 78 N ERE5H4 [ 6] 55
TN [ IR 5 2% 43 A T R 18] HAME /)N,
UG A Transformer #5EER BE RS 1 b F 12 (145 (B] 1)
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Table 1 Experimental results of different methods on

LPBA40 and OASIS
LPBA40 OASIS
Jrik
Dice %|J,|<0 MEl Dice %|J,[<0 Ml
LDDMM 673  0.000 89.24 752  0.000 132.99
SYN 69.5 0.000 1874 760 0.000  30.98

VoxelMorph 68.3  0.030 045 77.6  0.002 0.17
TransMorph 69.9  0.004 0.35 79.8  0.005 0.36
UTSRMorph 69.5  0.010 0.35 78.1  0.005 0.27
H-SGANet 69.1  0.080 0.28 81.4  0.020 0.26
Our 70.1  0.010 0.55 799 0.010 0.37

T L P SRR 5 B R A2

23 [RGB T DR L IOURE B 4 Jay 71y 3 e

il ERpese. MBS T R E A SO
T AL S, 0 A B 5] AR AZ A AR -, R B

S R ZU A B A AR /D H B R A Ay ek AL it =
P&, RVEZ TSR e . AR M
R AR AR 52 B A 2 R (H 5 5 T ME TR 1R 1)
re E U B R ATT A8 7 12 A PR A5 A AR 45 R o 5 Y ]
I, BEARS A S Y R AL . 5 H AT,
UTSRMorph , TransMorph A [t , HE 48 57 o i i A
R, R T B R T 0 258 3 2ok 3R AR AL 2 28 A A TE
AR RAE AR T TUARRIE AR . 25 b A SO
TERCHERS B SR A2 5 Bk EIRAS T S 4F P-4 .
PC N BE R 1 PR L ITURE HR G R AIE 69 A5 250R T, 92
A FRVER L T 25 MEASTHRO i 7 S S B R, A
B UE 1 AR J7 125 0 2R M 07 = 2 PR I o vh i A
Rt

VoxelMorph TransMorph UTSRMorph Our

WA

SR T

VoxelMorph TransMorph UTSRMorph

BRI

.

AR

5 ORIy gAE LPBA40( ) A1 OASIS () & 42 Al T (L Ak 25 S5

Fig. 5 Visualization results of different methods on LPBA40(top) and OASIS(bottom) datasets
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Dice 0.66771

0.66771

%], <0 0.04962 0.02750

0.69726

0.01723

0.69714 0.70651 0.70640

0.00688 0.00773 0.00757

K8  K=3H} 4% Stage JEAL 7] M4k

Fig. 8 Visualization of deformation fields for each stage at K=3

M BRER %42 ) 5 TransUnet K45LBkBR % 42 (D) B 58 5& 1Y
TransUnet, (HF5 Bk 45 200 E 2 [0 i BRER ) . &2
JE7R T 25 BB BC HEVE BE 5 U R TA] B % P25 2R
n] PAE H BRG] A Transformer 34 i1 T 40 2 14 1155
TR, S Zm [a) A 4, (B RBE A 4Ry v Pl
il R B PSR AR OC R, 7R AR CNN J Uk 2
B R RBE T A A A AN 2, AT 482 5 MR 2
(i) BN, 8k BR 32 2 LA A ek 1 ek T O 8 18 A Af , S2
CNN Z RERHERG DR ALECHERT . ik
SR SRR UE T A AR R LIS b B

iE— 20 IR AT BT ) i 52 BAE T, [ 5E Ok
FLIURBIH N TransUnet B 25 155, 1 25 RSB Y
DnCNN 20 ) ) 2 2 G, WK 245 R LB
i < 8 DnCNN ARy 22 M, HAERE I T 45 1
MEASLER Conv, 3X F Wi FH DnCNN 1y J MR e tg
Xof PR ELIUASTHR 1A S HEA T A RO M 5 IR ]

K2 HERAGHEMIBER

Table 2 Ablation experimental results on Module compo-

nents
PRECIUR S FMERLR LPBA40
CNN Transformer ?ﬂgﬁ DnCnn Conv Dice %]J,|< 0 ]
J N N 701 0.010 0.5
J v Y 68.1 0.019 0.36
N N N 67.7 0.005 054
N N N V689 0016 0.50

TE L P SRR 5 B R AL 4

3.4.2 DnCNNZEBK I

B UE K DnCNN 1R A% A8 37 25 WA e 11 75 31
PE AR SCH T T R U-Net 25 Mk XoF 8 A4 1 il 32 56
Hy 25 3 45 5L T 41, 768 DnCNN B, R A 7E P A%

e b AR B LT U-Net, B RE T Bk A i I A
YA HE AR R A . R as R E
T A B 5% BE £ DnCNN AE Ry 25 AR B ) 5 B 5
P

K3 FREBRERPLBER
Table 3 Experimental results of different denoising mod-

ules

LPBA40 OASIS

ENLS
B pice %|J,|<0 Bl Dice %[J,[<0 i

Unet 68.5 0.017 0.60 78.3 0.015 0.44

DnCNN  70.1 0.010 0.55 799 0.010 0.37

TE L PR R A S R A2 2R

x4 FRBSHTHIRER

Table 4 Experimental results of different hyperparam-

eters
LPBA40
A A,
' Dice %|J,|<0
A =0 A, =01 67.3 0.003
A, =02 Ay;=0.1 67.8 0.006
A, =05 Ay, =0.1 68.7 0.008
A, =038 A, =01 69.5 0.010
A=1 A, =01 69.1 0.011
A, =08 Ay =1 69.3 0.007
A, =038 Ay, =10 68.7 0.007

TE L P RS A S iR g 2
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ML E A, = 1A, =0. 1,8 J#%5 A
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PHHE N LAR BN A — B A . R 4R T ANl
ZHRUAA T BIH RS 25 3, 43 L T Dice FI7
G TN eI FAWE R g A

3.4.4 Transformer ZEU M7 HT

%5 Transformer ERHIAREXBSHHITINLER
Table 5 Experimental results of different key parameters

of the transformer module

LPBA40
Transformer JC 5 S5k N
Dice %‘J(,,| <O HfH]
2 685 0.030 0.55
ENEWIPS

70.1 0.010 0.55
(num_layers=8, MLP_dim=96)

8 702 0.020  0.57

IR 4697 0002 047
(num_heads=4, MLP_dim=96) ¢ 79 0.010 0.55

64 69.1 0.040 0.58
MLP 2 Ji
(num_heads=4, num_layers=38)

256 703 0.003  0.50
T L PR R A S I AR

96 70.1 0.010 0.55

Transformer FiEH) SCEESE UG 2k AR T
3k # (num_heads) . 2 % %% /2 % (num_layers ) , MLP
HEJE (MLP_dim) 55, 3X SE 2R3 ) phe s A58 (1) 3 AE
HRLRE ) TR R B I DRk . AR SOk e 45
il A8 f 7k , AR & Transformer (A G SEL, IR 5 5%
R SR [ e TR B TR T B BOEC(K = 3) B fE
ROR o AR 5 G5 R UTHG 125 D S HO B2 2 5]
TR BECHEERE (A2, e 0 2 e S L B - R
F13 K4 it 2% 2508 MLP 4 96, %L B AEAR
SCHT B 4R E U T RCERS E OB AR A v S
HEFRROR Z ] 1Y R AP o 78 S8 B iy B, AT AR 8
H s Bt 5 i REvE 5 AT PR RS R X S8 AT
MEEE, DLk — BSR4 b A
[FIG R S5t T By B 22 R B ERR 2K o
3.4.5 JRIFME)IZETHT

F6JER T AR BIF ML IZECT S5 4558 .
MK =20, FCER AR 2 K = 30, FCEERE
BERTE MK =5 W, BE 7 RCR A A QS5 ik —
AR, AR T 2 1 R T R AT B AR
Grad B i B LG AR BEE R T R B, £
AE T FLAR PR T8 E 43 et Bl 2 [ SR B BS n

JETTJZBOA B TGS B AL . 25 1, W45 e T
JRE A5 SBT3 AR BEAT B, R AR iy
G Y JEBOA RESE BN B R85 B 5L
R R

®6 FRERFAMEEHTHIRER

Table 5 Experimental results of different numbers of

unfolding network layers

LPBA40
JETT 10146 )22 50
Dice %|J,|<0 i i)
2 69.2 0.040 0.54
3 70.1 0.010 0.55
5 68.3 0.003 0.56

T L P SRR S 8 R A2 2R

B X XY T R R B 2 T 1 I 2 R o T ik ]
FRRBEAN IR AR SCHRE MR T — o B T AR At A0 L D
22 ) TR BE R FFEC I 7 ik % kRl B AR s Ak 3
WY T R S TR B 2 ) BB IR s L . i i
Jir e A ) AP g PG00 5% [ 5 1 DU 30 24 o
TR, BEAR T SRR 0 S 2 B I e R
FEHEAR W A1 [0 53 1) W S Sy £ L IUASE DR 25
MR I A TT 22 (R A 22 I 2 A e, AR Ee b [)
SRR SR IR AR, I3 Ao G TR B JR T I 245
CREY SR IF S, (15 55— 2 I 28 ™A% %) 1 2% AR5
R AL IR e T 4% A ] R . R T IE R
BRSIEL L, (R B IRZE 6 CNN Ry SRR AR R L S
Transformer { PR HEAR , $2 T+ AbHH 5 2 25 F fig
F MRS S 2 A T 11 SEVAREUR ot 2 T 4% 1 3T T
W, S PRAEER IR SR B T 17 38 2 > TE W, S8 T
F BT IE NI 8 s R . B, 7628 FF M i 4k i
£ B SCIIGUE T TR T s a A st

AR SO I By iy v e (H R A AR
AR FRPE T i — 20 5 Ho— , M1 T S % B
RS MG FL 2 G W TR B T I 28 35 T T =
e 5itE s, BT LR, AR5 A F S8
DA IUAS TR IT 1. [ 3 W i R T IR 28,
D SE 53 0 AR 0 P v B P s A AT 5 2. BFSE
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