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The Evaluation of Denoising PET Image Using Self Supervised Noise2Void Learning
Training: A Phantom Study

Seokhwan Yoon"-Chanrok Park?

Y Department of Nuclear Medicine, Seoul National University Hospital

2 Department of Radiological Science, Jeonju University

Abstract Positron emission tomography (PET) images is affected by acquisition time, short acquisition times results in low
gamma counts leading to degradation of image quality by statistical noise. Noise2Void(N2V) is self supervised denoising
model that is convolutional neural network (CNN) based deep learning. The purpose of this study is to evaluate denois-
ing performance of N2V for PET image with a short acquisition time. The phantom was scanned as a list mode for 10
min using Biograph mCT40 of PET/CT (Siemens Healthcare, Erlangen, Germany). We compared PET images using NEMA
image-quality phantom for standard acquisition time (10 min), short acquisition time (2min) and simulated PET image (S2
min), To evaluate performance of N2V, the peak signal to noise ratio (PSNR), normalized root mean square error
(NRMSE), structural similarity index (SSIM) and radio-activity recovery coefficient (RC) were used. The PSNR, NRMSE and
SSIM for 2 min and S2 min PET images compared to 10min PET image were 30,983, 33.930, 9.954, 7.609 and 0,916,
0.934 respectively, The RC for spheres with S2 min PET image also met European Association of Nuclear Medicine
Research Ltd, (EARL) FDG PET accreditation program, We confirmed generated S2 min PET image from N2V deep learn-
ing showed improvement results compared to 2 min PET image and The PET images on visual analysis were also com-
parable between 10 min and S2 min PET images. In conclusion, noisy PET image by means of short acquisition time us-
ing N2V denoising network model can be improved image quality without underestimation of radioactivity.
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Fig. 1. N2V deep learning schematic
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Fig. 2, Training (top line) and validation (bottom ling) loss graph for N2V learning training, The optimal parameter
to update network with loss function was got on the number of 96 epochs from N2V learning training.

Table 1, Image quality metrics of PET image. PSNR(peak signal to noise ratio), NRMSE(normalized root mean square error),

SSIM(structural similarity index),

. . 2min 2min 2min
Metrics 2min . . . .
+Gaussian filter +Median filter +N2V learning
PSNR 30.983 33.574 33.499 33.936
NRMSE 9.954 7.980 7.955 7.609
SSIM 0.916 0.922 0.925 0.934
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