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A study of sparse representation based computed tomography
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We applied sparse modeling techniques for the image reconstruction algorithm
for Computed tomography (CT? image, such like as Positron Emission Tomography(PET) or X-ray CT
image. We applied two types of sparse representations. One is for image domain and the other is for
observation domain called Radon space. In image domain, we adopt total variation (TV) method, and

K-SVD (singular value decomposition) method, which is in a category of dictionary learning. In order
to construct a dictionary component, we apply Radon transformed natural images. By use of two types
of sparse representations, we confirm the reconstruction performance is improved under the noise

environment.
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