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Weighted total variation reconstruction algorithm for low dose CT

PENG Bin-bin, SUI Li, HUANG Si-jia

School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: Combined with compressed sensing theory, block algebraic reconstruction technique based on reweighted iterative
support detection (Block-ART-RISD) was proposed for resolving the problem of CT image reconstruction of sparse projection
angles, reconstructing satisfactory CT images with less sparse projection angles. A Block- ART was firstly proposed to
overcome the large calculation amount and slow convergence speed of the traditional ART. A reweighted total variation
minimization algorithm, also named reweighted iterative support detection (RISD) algorithm, was proposed, because the
traditional total variation minimization model always results in reconstructed images of excessive smoothing and fuzzy texture
details. And a RISD model was established. The Block- ART alternately iterated with RISD model to make the reconstructed
results tend to convergence. The classical Shepp-Logan phantom was applied to reconstruct a real brain CT slice. The root
mean square error was used as the evaluation criteria for the reconstructed image quality. The reconstructed image was also
compared with the image reconstructed by other methods. After a certain number of iterations, the image reconstructed by
proposed method was closer to the original image, with a faster convergence speed. The experiment results show the proposed
method was better than other methods in reconstructed quality and convergence speed.
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Experimental parameter Value
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a: Original image b: ART-TV method

c: Block—ART-TV method d: Block—ART-RISD method

1 Shepp-Logan B E&
Fig.1 Reconstructed images of Shepp—Logan

Note: ART: Algebraic reconstruction technique; TV: Total variation; RISD: Reweighted iterative support detection
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Tab.3 Performance indicators of reconstructed images

Performance indicator ART-TV Block-ART-TV Block-ART-RISD

NMSE 0.1146 0.0452 0.0252
NMAD 0.064 5 0.0237 0.0121
RMSE 0.024 4 0.009 7 0.005 4

Note: NMSE: Normalized mean square error; NMAD: Normalized mean
absolute distance; RMSE: Root mean square error.
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Fig.2 RMSE curve of image reconstructed by Shepp—Logan
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a: Original image b: ART-TV method

c: Block-ART-TV method d: Block—ART-RISD method
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Fig.3 Reconstructed images of real brain CT slice
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Fig.4 RMSE curve of image reconstructed by real brain CT slice
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