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Abstract: To fully exploit Transformer for accurate registration, self-similarity context is used as a feature extractor to extract
the semantic information of the voxel neighborhood context, using symmetric multi-scale discrete optimization with
diffusion regularization to find smooth transformations for quickly calculating the point-by-point distance between
descriptors. In addition, a spatial-channel Transformer based on window attention network is proposed, which combines
channel, spatial attention and self-attention scheme based on (moving) window, and makes full use of the complementary
advantages of these 3 attention mechanisms, enabling the network to utilize global statistical information and have strong
local fitting ability. The results of comprehensive experiments on 3D brain MRI datasets of LPBA40, IXI and OASIS shows
that the proposed method is superior to the commonly used registration methods (SyN, VoxelMorph, CycleMorph, ViT-V-Net
and TransMorph) on several evaluation indicators, proving its effectiveness in deformable medical image registration.
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CycleMorph 0.616+0.028 <0.6 0.192 16478  0.737+0.123 1.7 0.195 24219
ViT-V-Net 0.624+0.029 <0.2 0.165 17330  0.734+0.124 1.6 0.319 17 388
TransMorph 0.634+0.033 <0.3 0.125 11810  0.744+0.124 15 0.228 14 094
RILTr Ik 0.665+0.014 <0.1 0.112 10820  0.751+0.027 13 0.195 16 430

VoxelMorph

4 T EHEEIZE LPBA40 HESE _ ERY AT LA R RS EE

CycleMorph

ViT-V-Net

TransMorph

Figure 4 Comparison of visualizations of different models on LPBA40 dataset

S WIRFS

SyN

Figure 5 Visualization of the deformation field mesh generated by different models on LPBA 40 dataset
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=2 TEFEEE OASIS #iE & _FRTEMIEFR
Table 2 Evaluation indicators of different models on OASIS dataset

o DSC %|l|<0  BHES @AM
SyN 0.769+0.027 0.1 158.000 414
VoxelMorph 0.794+0.019 12 0.171 13040
CycleMorph 0.8030.023 12 0.529 22876
ViT-V-Net 0.8150.021 12 0416 17484
TransMorph 0.858+0.022 0.9 0.251 16680
(SRS 0.860+0.013 0.5 0249 16518

2.5 HEAKIG

ARNTRGE T 2% R [R) AT T e i 5CR 1Y 52
M, DAGIE BB B 0 A 3t . s — R B 3G N
OCRAE R IGE  ARE TIR AR e, k3T
AN IR L AR SO B SR T i B AR
B, It HILEFEA TS . 7 LPBA4OSE4E I, ik 3
JRs AR BT e, AR ST v S8 = 1 DSC
AT SR . I RIBER S & 48R
AR FRE 42 TE. DL LPBA40 $icHi 5 Ky 9, 4 e
He—FiE — 5 , DSC 43l $2 7+ 1.2% F12.1%.  [A]E
RIS — 1 S R R A & R A 5 R R
R, I 25 8 3 AR 3 T IR AU A 31 B 3 B T, R 3 I 4
SRR TEA SCRHT AT R

=3 EHEM5AE LPBA40 HiEE FRYEFE SIS
Table 3 Ablation study of the proposed method on LPBA40 dataset

R DSC %|Jy <0 WEs @AM
gk 0.634=0.033 <0.3 0.125 11 810
IS AR e — 0.646=0.037 <0.2 0.118 11 732
TR — 0.655+0.030 <0.2 0.105 10 764
WInEE— = 0.665+0.014 <0.1 0.112 10 820

P 22 MR BCHEXT TG IR W Gy 7 BT e &
BRI o A SCRAL GE R AR RS2 U7V 5 IR B
2F ) M5 A, BT Transformer A1 CNN A& Y | i HY—
Tt JC W B AT AR MG BCTERE S . BRI R ] SSC 4
B A BEG RR 2R AR B T 3G UG L AT RE
DERC, If48 ) — Rl IR A 1 2 (STWA) K — 20
F¥ & Transformer 1% 71 . 7E 3 /> 3D KJili MRI 14
AL LT R ny R ELHE L g , SEgn a5 SR R,
SIA ECE T AR H, S0 S 0 B RS B R AR
SCOF RSB T SR Se ik i M RE RTBCHERCR U % T
T AE B R 2 MR BC HE AT 55 v A A &80tk o 7ER
K5 AT AR B R iR, i EAR B AT

I FT 1t A 7 vk A 2 A I e B R B HEAT 55 Hh Y
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