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Multi-scale B-spline medical image registration based on pixel reconstruction
LIU Chen, ZHANG Longbo, WANG Lei, LU Haitao
(College of Computer Science and Technology, Shandong University of Technology, Zibo Shandong 255049, China)

[ Abstract] Medical image registration technology is one of the key technologies in the field of medical image processing in recent
years, which has high clinical and practical significance. Due to the variability of the internal soft tissue morphology of human body ,
rigid and non-rigid deformations often exist in medical images. Traditional image registration techniques, such as the classical B—
spline method, can be used to register images with both rigid and non-rigid deformations if there are large affine transformations. It
is easy to cause local extreme value problems and lead to registration failure. To solve this problem, a multi —scale B - spline
registration method combining depth learning with SIFT ( Scale—invariant feature transform) is proposed. Firstly, the image is affine
transformed by SIFT, then the B—spline is used to correct the local deformation. At the same time, the multi-resolution strategy is
introduced to reduce the computational complexity and improve the accuracy. Finally, the super pixel reconstruction method is used
to eliminate image distortion caused by low scale matching time. Experimental results show that the registration performance of the
proposed algorithm is improved by 331% compared with the traditional B —spline algorithm under NMI ( mutual information )
evaluation and 117% under SSIM ( structural similarity index) evaluation.
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Fig. 2 Feature matching and vector generation
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Fig. 4 Reference image (left) and floating image ( right)
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Tab. 1 The experimental results compared
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