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Image registration combining cross-scale point matching and
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Abstract: Image registration plays an important role in computer-aided diagnosis of brain diseases and
remote surgery. The U-Net and its variants have been widely used in the field of medical image
registration, achieving good results in registration accuracy and time. However, existing registration
models have difficulty in learning the edge features of small structures in complex image deformations and
ignore the correlation of contextual information at different scales. To address these issues, a registration
model is proposed based on cross-scale point matching combined with multi-scale feature fusion. Firstly, a

cross-scale point matching module is introduced into encoding structure of the model to enhance the
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representation of prominent region features and grasp the edge details of small structure features. Then,
multi-scale features are fused in the decoding structure to form a more comprehensive feature description.
Finally, an attention module is integrated into the multi-scale feature fusion module to highlight spatial and
channel information. The experimental results on three brain Magnetic Resonance (MR) datasets show
that, taking the OASIS-3 dataset as an example, the registration accuracy has been improved by 23.5%,
12.4%, 0.9%, and 2. 1% compared to methods such as Affine, SyN, VoxelMorph and CycleMorph,
respectively. The corresponding ASD values for each method have decreased by 1.074, 0.434, 0.043,
and 0.076. The proposed model can better grasp the feature information of images, which improves
registration accuracy and has important implications for the development of medical image registration.

Key words: medical image registration; encoder decoder structure; feature weighting; feature matching;

attention mechanism
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Fig. 2 Structure diagram of cross-scale point matching combined with multi-scale feature fusion network
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Fig. 3 Structure diagram of cross-scale point matching module
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Tab.1 Comparison of 5 registration methods on two different datasets (average & standard deviation)

OASIS-3 LPBA40
Method
Dice ASD Dice ASD

Affine 0.481+0.021 1.87040. 110 0.594+0.012 1.62040. 146
SyN 0.592+0.014 1.23040. 085 0.664=+0.011 1.22040. 098
VoxelMorph 0.707+0.012 0.839+0.062 0.640=+0.028 1.316+0. 126
CycleMorph 0.695+0.012 0.872=+0. 060 0.629+0.027 1.335+0.127
CM-RegNet 0.716+0.012 0.796+0. 064 0.653+0.027 1.270+0.113
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Tab.2 Comparison of the average registration time of 5

registration methods on two different datasets

Method OASIS-3 LPBA40
Affine 5.39 3.58
SyN 23.50 15.69
VoxelMorph 0.15 0.14
CycleMorph 0.16 0.14
CM-RegNet 0.61 0.43

3.4 HERILIG
T B UE CM-RegNet #5570 v 41 H3 1) 2545 e (1)

R E OASIS-3 F1 LPBA40 BN 45 FtkfT T
THA SR . KA R E U T 2544 19 VoxelMorph
W 25 1 i FE Rl 32 F W 4% (Baseline) , 43 51 &% i 85
RUBE S VEEL A B (CPM) F1 2 ROE R IE A& (MEFF)
DL K SCSE B8, 75 2 W 4> 4 45 1 /) Dice fH 0
F 3R, BRI CPM X OASIS-3F1 LPBA40
I3 B s 4 AR 1Y Dice {2 5142 T+ T 0,002 A1
0. 011, B 3iE T 145 B v DL b b 25 5 AN ) R
Z )RR AR A A DG T A b el R 28 Y DX RN 0 %
B R A RO AR B B A MFF 78 42 iS5 19
b e, ST JR AR B =2 R A DG Y [ B A A 4
Ja A% 0 B3 45 B L {845 Dice B 78 W54~ 8 46 E
Ay R TE T 0.002 F1 0. 008, 4k £E 5] A 5 7E 23 Ji]



1098 W5 Bos 55 39 %

FIIE B 9 SCSE BB 5 | FpAF 41 15 78 25 (0] 13 iE
e E BRI AU B T REE S S E T
i {5 B3 H, B R X Dice {H 43 BT T

0. 006 F10. 010, # 4 Jr A f B 5 1) CM-RegNet £
FILE WA B EE T 14 Dice (4> BI4EF+ T 0. 009 1
0. 013, %% [0 25 452 70 e A5 P vFE G A0 2 S 28 T e o

&3 CM-RegNetHELHBSIIG A R R (FHLIREE)

Tab.3 Comparison of ablation experiment results of CM-RegNet model (average & standard deviation)

Baseline CPM MFF SCSE OASIS-3 LPBA40
N/ 0.7074+0.012 0.6404+0.028
N/ N 0.70940.012 0.65140.026
N N/ 0.7094+0.016 0.64840.019
NG N/ NG 0.71340.011 0.650+0.021
N N N/ NG 0.71640.012 0.65340.027
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Fig. 7 Visualization results of ablation experiments on two

+MFF(M5L) CM- RegNet

datasets
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Fig. 8 Box plot of Dice values for 27 anatomical structures in the OASIS-3 dataset
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Tab.4 Comparison of accuracy of several registration methods in five anatomical structures
Accuracy/ %
Method - -
White Matter Inf. Lat. Vent. Brain Stem CSF Vessel
Affine 59.8 14.9 77.6 40.5 9.6
SyN 65.7 13.8 85.6 51.0 2.9
VoxelMorph 83.1 47.4 91.7 69.3 28.4
CycleMorph 82.5 43.9 90.9 68.6 25.2
CM-RegNet 84.2 49.2 92.0 70.3 30.8
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Tab.5 Comparison of generalization results of several
methods on ABIDE dataset (average= standard
deviation)

Method Dice ASD
Affine 0.462+0.036 1.698=+0. 121
SyN 0.570%0.020 1.05440.074
VoxelMorph 0.56440.126 1.369+0. 444
CycleMorph 0.54640.121 1.396+0. 398
CM-RegNet 0.574+0.132 1.301=+0. 369
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Fig. 9 Bar chart of average Dice values for 27 anatomical structures in the ABIDE dataset
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