2025 4F 45 39 & 5 5 mow ® AR F WK Vol.39 No.5 2025

CREE 173 3D JOURNAL OF TEST AND MEASUREMENT TECHNOLOGY (Sum No. 173
XEHS: 1671-7449(2025)05-0558-07 I. Test Measur. Technol., 2025, 39(5): 558-564.

ETNPGEIRRESHEESERHERCTEE

5 %, a®, 4 4, %
CrPdbRaA Beesebe, b K 030051)

B OB O T AR S CT A, o5 ko R S A L2 Wi 2R . BT IXAE O, $2 i
TR TIAL G | U8 5 b R O B R 2 9 45 9 CT Sk . Bk e R IS /b ik ik
RE IR CT KGR Hu, BN 508 B A5 AR A 3, SR Aty A A6 138 240 SR 1Y) 45 R it i Ak
PRG035 de i, R P BEAR S 5 1 2 B B A i A\ R 2 3R AT B/ TSR, RO IR
&, HRIRAT R R . SRS R RT, 5 A B R R S AU R R L, R R A R ] M
PRI , IO Z2 IR R ZE A A1 15 8., A SO0 i (A4

¥

KR HHEAWZ S SRR E RS AT 08 s IR E
FESES: TP391. 41 XERFRIZAS: A doi: 10. 62756/c515. 1671-7449. 2025068

SIAE: DM, (N, 2l AF . R TINALG | S B S AR B ARG s A CT A [T ] MR 4,
2025, 39(5): 558-564.

MA Yan, BAI Yanping, XU Ting, et al. CT reconstruction based on weighted guided filtering and gradient
domain convolution sparseness[J]. Journal of Test and Measurement Technology, 2025, 39(5): 558-564.

CT Reconstruction Based on Weighted Guided Filtering and

Gradient Domain Convolution Sparseness

MA Yan, BAI Yanping, XU Ting, CHENG Rong
(School of Mathematics, North University of China, Taiyuan 030051, China)
Abstract: For incomplete medical CT scan data, traditional algorithms cannot ensure that the recon-

structed images meet the diagnostic requirements. In order to solve this situation, a CT reconstruction
algorithm based on the combination of weighted guided filtering and gradient domain convolutional sparse
coding was proposed. Firstly, the penalty least squares method is used to iteratively reconstruct the initial
CT image. Secondly, the weighted guided filtering is used to obtain the low-frequency components of the
image, and the convolutional sparse coding with gradient constraints is used to process the high-frequency
components of the image. Finally, the two components are combined to obtain a new image as input, and
the least-squares approximation is continued, and the iterative reconstruction is repeated until a clearer
image 1s obtained. Experimental results show that compared with other convolutional sparse algorithms
and group sparse algorithms, the proposed algorithm can effectively suppress noise and artifacts, recover
more image structure and edge detail information, and obtain better reconstructed images.
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Fig. 1 Comparison of abdominal images reconstructed by different methods
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Fig.2 Trends in abdominal images under three evaluation indicators
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Fig.3 Comparison of the effects of different methods of reconstructed thoracic cavity
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Fig. 4 Trend of thoracic images under three evaluation indexes
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Tab.1 Comparison of performance of different algorithms for

abdominal image reconstruction

PLS PLS-GSR PLS-CSC PLS-CSCGR A 8 u:

PSNR/dB 36.7376 40.6625 40.7707  42.3180 43.869 6
MSE  0.000 21 0.00008 0.00008  0.00006  0.00004
FSIM  0.99123 0.997 077 0.99692  0.99745  0.997 94
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Tab.2 Comparison of performance of different algorithms for

thoracic image reconstruction

PLS PLS-GSR PLS-CSC PLS-CSCGR 4 8

PSNR/dB 34.6419 39.9423 39.4952 414563  43.267 1
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