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Abstract

Image registration has important applications in clinical medical image analysis fields such as
surgical navigation and tumor monitoring. Aiming at the problem that the registration accuracy of
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the existing unsupervised single-modal image matching algorithm is not high enough, this paper
proposes an unsupervised single-modal medical image registration algorithm based on deep
learning. This method introduces the combination of short connections and long connections to
form dense connections, improves the connection method of U-Net’s feature maps, and solves the
problem of a large semantic gap between two connected feature maps due to the large difference
in sampling depth; the channel attention mechanism is designed and deployed on the decoder of
U-shaped network, which can effectively suppress noise and generate a smoother deformation
field, thereby further improving the subsequent registration accuracy. The training and testing
were carried out on the single-mode brain MRI image data set for clinical application. The results
show that the algorithm proposed in this paper has a certain improvement in the registration ac-
curacy.
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Figure 1. Overall framework
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Figure 2. Registration network
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Figure 3. ECA module
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Figure 4. Images before and after preprocessing
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Table 1. Comparison of DSC coefficients of different algorithms
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2 0.5019 +/—0.2767 0.7240 +/—0.2291 0.7544 +/— 0.2116 0.7815 +/—0.2041
3 0.5059 +/— 0.2459 0.7343 +/— 0.2647 0.7563 +/—0.2321 0.7834 +/— 0.1681
4 0.5637 +/— 0.2355 0.7570 +/—0.2260 0.7651 +/— 0.2246 0.8173 +/— 0.1548
5 0.5608 +/— 0.2840 0.7387 +/— 0.2097 0.7664 +/— 0.1918 0.8055 +/—0.1868
WA 0.5315 +/- 0.2635 0.7371 +/-0.2321 0.7613 +/— 0.2134 0.7963 +/— 0.1720
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Figure 5. Registration result visualization
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