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Sparse Angle CT Image Reconstruction Based on
Mixed Regular Terms

XU Jianlu, BAI Yanping, XU Ting, CHENG Rong
(School of Mathematics, North University of China, Taiyuan 030051, China)
Abstract: To solve the problem that the traditional iterative algorithms can not guarantee the reconstruction
of high-quality medical CT images in the case of data undersampling, a method of double regular term penalty
least squares based on surface area minimization and Group Sparse Representation (GSR) was proposed for
sparse angle CT image reconstruction. According to the rule that the surface area of the noisy image is larger
than that of the smooth image in the grid field, the surface area term was used as a prior constraint on
reconstructing the image to achieve the purpose of smoothing the image noise; based on the feature that GSR
preserves the fine structure of the image by using non-local similarity, the reconstruction model was established
by using GSR as another prior constraint. An alternate minimization scheme was used to decouple the

reconstruction problem into solving the intermediate image subproblem, and solving the dictionary and sparse

YR HHA: 2024-01-24

EEWH: BEAHRR IS WIIE (61774137 5 11 P4 48 2 & 5F 95 31 2 % B 50 H (202103021224195, 202103021224212,
202103021223189, 20210302123019)

YEE B/ BiE#k(2001—), &, Wik, RN FERERE . BHRBSETIT.

BEMEE: AHGE(1962—), 2o, #4%, Wi+, FENFEGLEH  THEVAIE . E-mail: baiyp666@163.com.



CRLEE 218 D BETR A TE I B i AR CT P ek 8 U B 25D 745

representation subproblem. Then, the two sub-problems were further solved by the half-quadratic splitting

method and the split Bregman method respectively. The experimental results show that compared with the
algorithms PLS-GSR, PLS-NLM and SART-GSR, the reconstructed image of the proposed algorithm has
good visual effect, which can clearly identify the internal structure and details of the image, and the value of
FSIM, PSNR and MSE are superior to the comparison algorithm.

Key words: group sparse representation; surface area; image smoothing; non-local similarity; image

reconstruction
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Tab.1 Comparison of the reconstruction performance of

Sheep_Logan model by different algorithms

A LUR BT HR SRS 3 1Y FSIM A B H A S B 4% PLSGSR PLSNLM SART-GSR 7 SCEM:
T 1HEHFLET 1, XU B EACTEE IR FSIM 0.939 4 0.999 4 0.999 8 1

PSNR 37.527 1 43.439 2 447727 51.028 6
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Tab. 2 Comparison of the performance of different algorithms for

thoracic image reconstruction

PLS-GSR PLS-NLM SART-GSR ACHE

i) PSNR {H 7 5l §2 & 1 4.0159, 6.7789, FSIM 0.9935  0.9799 0.996 6 0.998 6
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Tab. 3 Comparison of the performance of different algorithms for

abdominal image reconstruction

PLS-GSR PLS-NLM SART-GSR A&
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