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Abstract

Single-photon emission tomography (SPECT) plays an important role in the imaging diagnosis of
the disease. Total variation regularization is more effective in suppressing noise but produces
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stair-step artifacts. Shearlet transformation is a multi-scale geometric analysis method. It is more
in line with the traditional wavelet transform perception characteristics of the human visual sys-
tem, and can more effectively depict and capture geometric feature texture in the image edge. It can
make full use of the geometric characteristics of the image itself to its more sparse representation. In
this paper, Infimal Convolution regularized SPECT image reconstruction based on shearlet trans-
form is proposed, suppressing the noise and further eliminating stair-step artifact. Results show
that the method is better than the infimal convolution total variation punishment. The recon-
structed image has a clear edge and rich detail, which conforms to the human visual effect.
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Figure 1. Transaxial cross-sections of a phantom: six hot Gaussian blobs
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Table 1. Reconstruction results of hot spheres by different methods
= 1. TRIFAENAIKNERZLER

hot spheres SSIM PSNR MSE
Low-noise simulated hot sphere
FBP 0.16 20.52 0.0088
PAPA-TV 0.97 35.22 0.000300
PAPA-ICTV 0.97 35.43 0.000286
PAPA-ICSL 0.98 36.83 0.000258
High-noise simulated hot sphere
FBP 0.40 25.81 0.00262
PAPA-TV 0.97 36.02 0.000125
PAPA-ICTV 0.98 37.57 0.000174
PAPA-ICSL 0.99 38.29 0.000100

(a) PAPA-TV (b) PAPA-ICTV

Figure 2. Reconstructed images of high noise hot sphere obtained by three investigated methods
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(c) PAPA-ICSL

Figure 3. Reconstructed images of the low noise hot sphere obtained by three investigated methods

(c) PAPA-ICSL
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Figure 4. Reconstructed images of the denoised brain phantom obtained by three investigated methods
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