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Registration of brain magnetic resonance images based on residual neural network
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2 Puyang Institute of Technology, Henan University, Puyang 457000, Henan, China)

Abstract: Medical imaging technology plays an increasingly important role in modern medicine, but image movement in different
time or different modes is unavoidable. Medical image registration is of great value for disease diagnosis and treatment, but the
traditional registration algorithm takes a long time to optimize parameters, and it is easy to fall into local optimization. A registration
model based on residual neural network is used to predict rigid transformation parameters of the brain MRI images. The unsupervised
method is used in the proposed model, because it didn’t require transformation parameters as labels. However, it needs similarity
measurement as loss function to train the model. The experimental results show that the model has a very good registration effect for
brain MRI Image, and the registration speed is dozens of times higher than that of traditional methods, which is of great significance
for clinical brain MRI image analysis.
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Fig. 2 Schematic diagram of the registration network
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Fig. 3 Results of image registration
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