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Sparse View CT Reconstruction Algorithm Based on Non-
Local Generalized Total Variation Regularization

JIANG Min', TAO Hongwei'™, CHENG Kai’

1. College of Computer and Communication Engineer, Zhengzhou University
of Light Industry, Zhengzhou 450000, China
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Abstract: CT image reconstruction algorithm based on generalized total variation (TGV) can overcome the staircase effect of total
variation (TV) regularization, thereby protecting the structural features of the reconstructed image transition region. Although the TGV
reconstruction method is superior to the TV reconstruction method, it still ignores the role of non-local self-similar prior information in
restoring CT image details. To overcome the aforementioned limitations of TGV reconstruction method, we introduce a non-local
TGV (NLTGV) regularization term and propose a sparse view CT reconstruction algorithm based on NLTGV regularization. The
proposed method can not only utilize non-local variational information of different orders to protect image structural features but can
also utilize non-local self-similarity to restore the details of the reconstructed image. Owing to the inclusion of dual non-smooth terms
in the reconstruction model, solving it directly is difficult. Therefore, we proposed an optimization algorithm based on convex set
projection, which decomposes the problem into several sub-problems to be solved. The simulation and experimental results show that
the proposed NLTGYV regularization reconstruction method can effectively improve the quality of reconstructed images compared with
other variational reconstruction methods.

Keywords: X-ray CT; sparse view sampling; non-local generalized total variation; projection on convex set; split Bregman algorithm
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Fig.3 Zoom-in display of ROI of the images reconstructed from the simulated data
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Table 3 PSNR and SSIM for reconstructing images from simulated data
Sk
SRES R i ™v TGV NLTV NLTGY

ROI1 ROI2 ROI1 ROI2 ROI1 ROI2 ROI1 ROI2
S0 PSNR 26.16 25.98 26.19 26.12 26.15 26.18 26.59 26.83
SSIM x 107 80.02 79.97 80.37 80.52 78.73 79.71 80.48 81.78
20 PSNR 26.80 26.10 26.90 25.84 27.38 26.98 28.28 27.82
SSIM x 107 81.96 80.90 79.78 80.16 83.05 83.53 85.10 84.93
90 PSNR 27.07 26.20 27.19 26.10 27.63 26.51 28.51 28.56
SSIM x 10* 81.64 82.95 82.37 81.80 82.62 83.34 85.11 87.29
1o PSNR 27.07 27.11 27.77 27.00 27.86 27.59 28.71 28.78
SSIM x 10* 84.24 84.74 82.71 84.03 83.20 84.72 85.47 87.36
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Fig.4 RMSE of the image reconstructed from simulated data versus iterations
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Fig.5 Reconstruction results for real projection data
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Table 4 PSNR and SSIM for reconstructing images from real data
Sk
SR 4 b v TGV NLTV NLTGY
ROI1 ROI2 ROI1 ROI2 ROI1 ROI2 ROI1 ROI2
50 PSNR 25.38 26.17 25.85 26.45 26.18 26.77 26.83 26.98
SSIM x 10* 79.97 79.98 79.52 81.12 79.71 82.74 81.78 82.70
70 PSNR 26.10 27.02 26.34 27.02 26.98 27.39 27.82 28.94
SSIM x 10* 80.90 80.00 80.16 83.67 83.53 86.91 84.93 88.18
9 PSNR 26.20 27.16 26.30 27.32 26.51 27.82 28.36 29.21
SSIM x 10° 81.95 84.68 82.80 84.27 83.34 84.21 87.29 89.04
1o PSNR 27.11 27.51 27.00 27.54 27.19 28.64 28.78 29.67
SSIM x 10° 83.74 84.42 84.03 84.67 84.72 86.22 87.36 89.56
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Fig.7 RMSE of the image reconstructed from real data versus iterations
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