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Chest radiograph registration technique based on segmentation mask obtained by deep

learning and its application
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Abstract: Medical image registration technique is of vital importance for clinical diagnosis and treatment. The deep learning
based registration method improves the accurate and speed of registration when compared with conventional registration
methods. In order to apply deep learning algorithm to do chest radiograph registration and subsequent subtraction analysis,
the original chest radiographs is preprocessed with the use of the mask obtained by deep learning, and the chest radiograph
registration is achieved with mask images as input, ResUnet as registration structure. The evaluation of the registration results
showed that the model developed by mask and registration technique based on deep learning has high image registration
accuracy in chest radiograph registration. The proposed registration model can be well applied to the subtraction analysis of
chest radiographs.
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Figure 1 Network structure
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Figure 2 Training of different network models
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Table 1 Comparison of registration methods

BTy NCC HD ASSD

Opencv ORB  0.886+0.174 25.713+9.563  10.22+5.035
SimpleElastix  0.936+0.083 17.432+8.441 4.128+2.051

R SRR 0.953+0.017 15.573+7.356  3.340+1.210
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Figure 4 Application of registration in the subtraction analysis of chest radiographs
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