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Medical image registration based on multiscale feature-perceptual loss
and attention mechanism

Ma Tianyi
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Jiang Dashuai  Zhu Dong Zhang Lintao Li Guogiang

Abstract: Recently, deep learning-based methods have been widely applied in deformable medical image alignment

tasks. Among them, utilizing novel loss functions and effective network architectures to improve registration
performance is a common approach. This article proposes a multi-scale feature perception loss and attention module
ECA-D, which improves the design approach of using only mean square error (MSE) or normalized cross-correlation
(NCC). Inspired by the current popular large language model (1LILM), this paper trains a classification neural network
using multi-site medical image data and constructs a multi-scale feature learning process to improve the accuracy of the
classification network. Subsequently, a multi-scale perceptual loss function is designed to enhance the accuracy of
registration. To improve the learning ability of the alignment network, a new attention module ECA-D was designed to
more effectively utilize spatial and channel information. After training on the LPBA40 dataset, our model showed a 3%
improvement in Dice score on the untrained Neurite OASIS compared to the most advanced methods. The experimental
results show that compared with other popular registration methods, our method has higher registration accuracy and

better robustness.
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Fig. 2 ECA-D module architecture
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Table 1 Numerical results on the LPBA40 dataset
Bk Dice Std(|J, 1) SSIM HD95
Deformer 66.7" 0.073 0.794 4. 336

SyN 66.5 0.126 — —
VIT-V—Net 66.3"" 0.262 0.782 4. 341
CycleMorph  64.8"" 0. 067 0.793 4. 422
VoxelMorph 62.6"" 0. 039 0. 785 4. 259
NI 67.4 0. 281 0. 787 4.105
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Table 2 Numerical results of different methods on the
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Bk Dice  StdC|J,|)> SSIM HD95
Deformer 65.0"" 0.136 0.787 2.611
VIT-V-Net 67.4"" 0. 301 0.784 2. 566
CycleMorph  53.9"" 0.111 0.743  3.126
VoxelMorph  62.6"" 0.019 0.744  3.007
W5 69. 6 0.132 0.775  2.647
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Fig. 3 Results for the first 27 labeled regions in the LPBA40 dataset
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Fig. 4 Results for the last 27 labeled regions in the LPBA40 dataset
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Table 3 Results of the LPBA40 dataset

% ECA-D MFPL L, Loss Dice Std (| J,[)
1 J J J 67. 4 0.281
2 N J 67.1 0. 090
3 N 67.0 0.292

% 4 Neurite OASIS BB ENLE R
Table 4 Results of the Neurite OASIS dataset

FF% ECAD MFPL L, Loss Dice Std (| J,|[)
1 J N J 69. 6 0.132
2 J N 68.8 0. 080
3 N 66.5 0.323
#5 LPBAAO HIBEMER
Table 5 Results of the LPBA40 dataset
% ABFsE NCC  MSE  Dice Std ([ ], [)
1 J 67.4 0. 281
2 J N 64. 6 0. 507
3 N N 65.2 0.189
% 6 Neurite OASIS HiBEN LR
Table 6 Results on the Neurite OASIS dataset
F5 A#F5E NCC  MSE  Dice Std (| J, [)
1 N 69. 6 0.132
2 N N 68.0 0. 597
3 N N 66. 3 0. 284
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Fig. 6 Visualization results of different methods on LPBA40 dataset
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Fig. 7 Visualization results of different methods

on Neurite OASIS dataset
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