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Abstract

Single photon emission computed tomography plays an essential role in cancer imaging. Therein-
to, image reconstruction is an important research direction. Pre-processing alternating projection
algorithm applies well to single photon emission computed tomography image reconstruction.
However, with the development of the convolutional neural network in the field of image
processing and the pursuit of reconstructed image quality in the industry year by year, the recon-
struction effect of pre-processing alternate projection has been challenging to meet the expecta-
tion of the industry. Improving the imaging hardware can improve the image quality, but the cost
is high, and the time cycle is long. Therefore, this paper uses a mannequin dataset; an improved
convolutional neural network is used to learn the mapping between the reconstructed image of
alternating projection and the ground truth image label of the reconstructed image of the dataset,
improving the image quality image reconstruction. The experimental results show that using this
method in the image reconstruction of this data set, the numerical indicators PSNR, MSE and SSIM
are superior to pre-processing alternating projection and filtered back projection. Meanwhile, this
method is superior to the above methods in visual effects and noise suppression.
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Figure 1. Network structure
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Table 2. Reconstruction image of slice 1
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Table 3. Reconstruction image of slice 2
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