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Generation of standard time acquisition images from short time acquisition images of
cerebral blood flow SPECT using deep learning
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[Abstract]

We attempted image generation of cerebral blood flow SPECT from short time acquisition (10 minutes) to standard
time acquisition (40 minutes) using artificial intelligence based image generation technique. The model was pix2pix and
was constructed from training data of 19484 images both 10 min and 40 min. Using constructed model, 4878 images
were generated and evaluated similarity to standard images.MSE, PSNR, SSIM, and DSC were used for physical evaluation,
and 3D-SSP was used for visual evaluation. Although image quality improved in the physical evaluation, there were cases
where the depiction of abnormal blood flow areas differed from standard time in 3D-SSP. In order to improve the accu-
racy, we consider it is necessary to reexamine this issue with training data using extended acquisition time.
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Fig.1 Pix2pix architecture is shown. Generator generates fake_S from

10min_S.

Discriminator is trained to judge 40min_S as real and fake_S as fake. Generator
uses U-net and Discriminator uses PatchGAN.
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Fig.2 The evaluation results of (a) MSE, (b)
PSNR, (c) SSIM, and (d) DSC are shown
in graphs.

By image generation, fake_S was rated higher than 10min_

S with a significant difference in all evaluations.

Fig.3 The images show generated images and
SSIM maps for three cases of no abnormality
(Upper), Alzheimer’s dementia (Middle),
and right internal artery stenosis (Lower).

The SPECT images of each case shown in the figure are

40min_S, 10min_S, and fake_S in the same slice. The

SSIM map shows 10min_S and fake_S of the same slice
as SPECT.
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Fig.4 Z-score map (e) (f) (g) (h) and SEE (i) (j) (k) (1) of the three cases in Fig.3.

(e) (i): The indication of low blood flow for N.A, (f) (j): The indication of increased blood flow for N.A,
(@) (k): The indication of low blood flow for AD, (h) (1): The indication of low blood flow for R.IC.
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