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Nodules from CT Image
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Abstract; The aim of this study was to propose an algorithm for three-dimensional projection onto convex sets (3D
POCS) to achieve super resolution reconstruction of 3D lung computer tomography (CT) images, and to introduce
multi-resolution mixed display mode to make 3D visualization of pulmonary nodules. Firstly, we built the low resolu-
tion 3D images which have spatial displacement in sub pixel level between each other and generate the reference im-
age. Then, we mapped the low resolution images into the high resolution reference image using 3D motion estimation
and revised the reference image based on the consistency constraint convex sets to reconstruct the 3D high resolution
images iteratively. Finally, we displayed the different resolution images simultaneously. We then estimated the per-
formance of provided method on 5 image sets and compared them with those of 3 interpolation reconstruction meth-
ods. The experiments showed that the performance of 3D POCS algorithm was better than that of 3 interpolation re-
construction methods in two aspects, i. e. subjective and objective aspects, and mixed display mode is suitable to the
3D visualization of high resolution of pulmonary nodules.
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Fig. 3 Comparison of reconstruction and 3D visualization of pulmonary nodules by different methods
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