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Purpose  Generative Adversarial Network(GAN) is one of deep learning technologies. This is a way to create
a real fake image after learning the real image. In this study, after acquiring artificial intelligence images
through GAN, We were compared and evaluated with real scan time images.

We want to see if these technologies are potentially useful.

Materials and Methods 30 patients who underwent 'SF-FDG Brain PET/CT scanning at Severance Hospital, were acquired in
15-minute List mode and reconstructed into 1,2,3,4,5 and 15minute images, respectively. 25 out of 30
patients were used as learning images for learning of GAN and 5 patients used as verification images
for confirming the learning model. The program was implemented using the Python and Tensorflow
frameworks. After learning using the Pix2Pix model of GAN technology, this learning model generated
artificial intelligence images. The artificial intelligence image generated in this way were evaluated as
Mean Square Error(MSE), Peak Signal to Noise Ratio(PSNR), and Structural Similarity Index(SSIM) with
real scan time image.

Results  The trained model was evaluated with the verification image. As a result, The 15-minute image created
by the 5-minute image rather than 1-minute after the start of the scan showed a smaller MSE, and the
PSNR and SSIM increased.

Conclusion  Through this study, it was confirmed that Al imaging technology is applicable. In the future, if these
artificial intelligence imaging technologies are applied to nuclear medicine imaging, it will be possible
to acquire images even with a short scan time, which can be expected to reduce artifacts caused by
patient movement and increase the efficiency of the scanning room.
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Fig. 1. Configuration of Pix2Pix model of GAN.
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Fig. 2. In this study, The acquisition images of 30 patients were
reconstucted.
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Table 1. The results of MSE

Test 1 Test 2 Test 3 Test 4 Test 5 R ¥ ZFHA}

1 min 69.74 84.43 78.24 107.20 59.52 79.83 17.94

2 min 57.46 65.60 54.21 114.66 54.84 69.35 25.73

3 min 42.74 48.06 48.29 92.52 37.81 53.89 22.02

4 min 31.69 42.00 33.49 53.56 38.24 39.80 8.69

5 min 25.50 38.30 31.54 34.80 29.81 31.99 4.87

Table 2. The results of PSNR
Test 1 Test 2 Test 3 Test 4 Test 5 Bt HZFHA

1 min 29.70 28.87 29.20 27.83 30.38 29.19 0.95

2 min 30.54 29.96 30.79 27.54 30.74 2991 1.37

3 min 31.82 31.31 31.29 28.47 32.35 31.05 1.51

4 min 33.12 31.90 32.88 30.84 32.31 32.21 0.90

5 min 34.07 32.30 33.14 32.71 33.39 33.12 0.67
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Fig. 3. Graph of MSE results.
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Table 3. The results of SSIM

Test 1 Test 2 Test 3 Test 4 Test 5 ot XFHA
1 min 0.941 0.928 0.9399 0.9345 0.9495 0.93858 0.007991
2 min 0.9545 0.9422 0.954 0.9403 0.9563 0.94946 0.007573
3 min 0.9621 0.9515 0.96077 0.9532 0.966 0.958714 0.006149
4 min 0.9712 0.9599 0.9685 0.966 0.971 0.96732 0.004658
5 min 09713 0.9617 0.9701 0.9731 0.9724 0.96972 0.004625
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Fig. 6. Image comparision between estimated results by generated
and real images(Input 1min).
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Fig. 7. Image comparision between estimated results by generated
and real images(Input 5min).
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