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Abstract

Purpose: This study aimed to evaluate the feasibility of noise control and quantitative restoration in low-dose Positron Emission
Tomography/Computed Tomography (PET/CT) images using a Generative Adversarial Network (GAN)-based Pix2Pix model, thereby
assessing its clinical applicability for radiation dose reduction. Materials and Methods: Image data were acquired using a SiPM-
based PET/CT scanner (GE Discovery MI) and a NEMA IEC Body Phantom. Based on the reference activity (18.50 MBq), list-mode data
were collected at five reduced dose levels (5%, 10%, 25%, 50%, and 75%) according to radiopharmaceutical decay time. A total of
10,000 paired low-dose and Ground Truth (GT) dataset pairs were constructed using bootstrapping and data augmentation. Three
reconstruction algorithms were evaluated: VPHD-S, VPFX-S, and QCFX-S-400. Structural and quantitative metrics, including SSIM,
PSNR, Recovery Coefficient (RC), CNR, SNR, and Background Variability (BV%), were evaluated. Statistical equivalence with GT was
verified using Bland-Altman analysis, Intraclass Correlation Coefficient (ICC), and paired t-tests. Statistical significance was verified
using paired t-tests .Results: The Pix2Pix model significantly enhanced image quality and quantitative accuracy across all low-dose
conditions. SSIM and PSNR steadily increased with dose levels, with the BSREM-based QCFX-S-400 algorithm demonstrating the
highest restoration performance (SSIM: 0.967, PSNR: 37.289 dB at 75% dose). RC analysis revealed that the VPFX-S and QCFX-S-400
algorithms fully satisfied the EANM EARL2 guideline standards across all dose levels (5%-75%). Furthermore, predicted CNR and SNR
were significantly higher than those of GT (). At 50% and 75% dose levels, the BV% of predicted images was lower than that of GT,
demonstrating superior noise suppression. Conculsion: The Pix2Pix model successfully restored high-quality synthetic PET images
while maintaining quantitative reliability even under ultra-low-dose conditions (5%-75%). Combining the deep learning model with
a high-resolution reconstruction algorithm (QCFX-S-400) maximized noise reduction and quantitative accuracy for small lesions. This
approach substantially reduces patient radiation dose in accordance with ALARA principles while preserving the diagnostic efficacy
and safety of low-dose PET/CT image.
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Fig. 1. Description of equipment and phantom utilized for data acquisition and analysis
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Fig. 2. Constructing the dataset by pairing each low-dose image with its corresponding ground truth image
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Fig. 4. Workflow for generating and augmenting PET image pairs before splitting them into training, validation, and test
sets.
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Fig. 5. Schematic diagram of the U-Net architecture utilized in this study
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Table 1. The SSIM and PSNR for each reconstruction algorithm and dose level, providing a quantitative comparison of
image guality under dose conditions

SSIM / PSNR 5% 10% 25% 50% 75%

VPHD-S 0.941/31.819 0.946/31.946 0.948/33.229 0.954/33.379 0.959/33.997
VPFX-S 0.954/34.935 0.959/35.098 0.960/35.769 0.957/36.321 0.961/36.990
QCFX-S-400 0.955/35.118 0.962/35.804 0.962/35.422 0.964 /36.638 0.967/37.289

Structural Similarity Index (SSIM)
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Fig. 6. SSIM across different dose levels after deep learning
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Fig. 7. PSNR across different dose levels after deep learning
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Table 2. Comparison of predicted SUV and RC in VPHD-S reconstruction

SUV/RC 5% 10% 25% 50% 75% 100%(GT)
7 223+0.12 230+0.09 237+0.03 238+0.02 2344003 239,091
0.84+0.06 0.87+0.06 0.90+0.01 0.90+0.01 0.89+0.03 27
2224008 223+0.07 227+0.02 2314004 2314004
280 0.84+0.03 0.85+0.01 0.86+0.01 0.88+0.03 0.88 % 0.03 2.28/0.86
2.18+0.02 220+ 0.04 2.15+0.03 2.11+0.08 2324007
22mm 0.83+0.01 0.83+0.02 0.81+0.01 0.80+0.03 0.83+0.01 2.17/082
- 2.06+0.02 2.00+0.07 2.04+0.02 2.07+0.03 2.10+0.07 505/0.78
i 0.78+0.01 0.76 +0.03 0.77+0.01 0.79+0.01 0.80+0.03 ek
1.61+0.13 1.65+0.07 154+022 1.60+0.14 1.62+0.11
15mm 0.61+0.04 0.62+0.03 0.59+0.07 0.61+0.04 0.61 +0.04 1.7070.64
127 +0.08 127+0.08 129 +0.06 131+0.03 127+0.08
10mm 048 + 0.04 0.48+0.04 0.49+0.03 0.50+0.01 0.48 + 0.04 1337051
Table 3. Comparison of predicted SUV and RC in VPFX-S reconstruction
SUV/RC 5% 10% 25% 50% 75% 100%(GT)
223+0.18 2424011 245+007 242+011 2.47+0.04
37mm 0.92+0.04 0.92+0.04 0.93+0.03 0.92+0.04 0.94+0.01 2507095
2224012 233+0.09 2334008 237+0.07 237+0.08
28 0.89 + 0.04 0.89+0.05 0.88+0.05 0.90+ 0.04 0.90 + 0.04 2457093
2.18+0.14 2274002 225+0.04 224+0.06 230+0.03
220m 0.83+0.04 0.86+0.01 0.85+0.01 0.85+0.02 0.87+0.01 2.28/0.86
- 2.06+0.04 2.05+0.03 2.00+0.04 2.09+0.08 2.04+0.02 503077
i 0.78+0.01 0.78+0.02 0.76+0.01 0.79+0.03 0.77+0.01 ek
_— 1.71+0.07 1.72+0.06 1.70+0.08 1.74+0.03 1.77+0.02 176067
0.65+0.03 0.66+0.02 0.65+0.02 0.66+0.01 0.67+0.01 SO
12740.16 1.54+0.08 1.54+0.08 1.61 +0.02 1.61 +0.02
10mn 0.56+0.07 0.58+0.04 0.60+0.03 0.61+0.02 0.61+0.01 1607061
Table 4. Comparison of predicted SUV and RC in QCFX-S-400 reconstruction
SUV/RC 5% 10% 25% 50% 75% 100%(GT)
251+002 251+0.02 2.50+0.03 2.53+0.02 2514002
37mm 0.94+0.03 0.94+0.02 0.94+0.01 0.95+0.01 0.95+0.01 2.52/0.95
2374008 2.40+0.04 2414003 246+ 0.04 2.46+0.04
23mm 0.89+0.03 0.90 +0.01 0.91 +0.01 0.92 +0.01 0.92 +0.01 2437091
238+0.03 2344008 238+0.03 235+0.07 238+ 0.03
22mm 0.89+0.02 0.88+0.03 0.90+0.01 0.88 + 0.03 0.89+0.01 2407090
- 2.06+0.04 2.06+0.04 2.07+0.03 2.09+0.02 2.06+0.04 5.09/0.78
i 0.77 +0.03 0.77+0.04 0.78+0.02 0.78+0.01 0.77+0.01 e
- 1.84+0.03 1.88+0.08 1.87+0.07 1.83+0.02 1.8240.02 L8048
0.68+0.02 0.70 +0.03 0.70+0.02 0.69+0.01 0.68+0.01 Sk
12940.16 139+0.12 148 +0.10 1.56 +0.08 1.62 +0.02
10mm 0.60+0.05 0.62+0.04 0.56+0.07 0.59+0.03 0.61+0.02 1627061
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5% Dose 10% Dose 25% Dose 50% Dose 75% Dose
(n = 10,000, ICC = 0.966) (n = 10,000, ICC = 0.975) (n = 10,000, ICC = 0.977) (n = 10,000, ICC = 0.985) (n = 10,000, ICC = 0.984)
% s
=
i B A o +19650 #0173 +106 8O- #0135
196 50- 0.207 19650 .0.113

Difference (Al - GT)

12 14 1§ 18 20 22 24 26 l2 14 16 18 20 22 24 26 12 14 16 18 20 22 24 26 14 16 18 20 22 24 2612 14 16 L& 20 22
Mean of GT and Al (SUV) Mean of GT and Al {SUV) Mean of GT and Al (SUV) Mean of GT and Al (SUV} Mean of GT and Al (SUV)

Fig. 8. Comparison of Bland-Altman and ICC SUV in Reconstruction Methods

5% Dose 10% Dose 25% Dose 50% Dose 75% Dose
(n = 10,000, ICC = 0.963) n=10.000.ICC = 0.972) {n =10,000,ICC = 0.977) {n = 10.000. ICC = 0.984) n=10,000.1CC = 0.988)

24 26

Fig. 9. Comparison of Bland-Altman and ICC RC in reconstruction methods
Table 5. Assessment of Agreement and Reliability Parameters for SUV in reconstruction methods

5% 10% 25% 50% 75%
Mean bias -0.016 0.013 0.014 -0.002 0.011
95% LoA -0.207 ~0.170 -0.144~0.170 0.162~0.135 -0.119~0.116 0.114~0.135
1CC(95% CI) 0.966 0.975 0.978 0.985 0.984
Table 6. Assessment of Agreement and Reliability Parameters for RC in reconstruction methods

5% 10% 25% 50% 75%
Mean bias 0.010 0.005 -0.004 0.001 0.001
95% LoA -0.061 ~0.081 -0.058 ~0.069 -0.062 ~0.054 -0.046 ~0.047 -0.040 ~0.041
1CC(95% CI) 0.963 0.972 0.977 0.984 0.988

RC VPHD-S Prediction

| EARL2 band
—— 5%
—o— 10%
0.94 —® 25%
50%
—— 75%

0.8 1

RC

0.7 1
0.6 1

0.5

0.4 1 In-band: 24/30 (80.0%)

T T T T T

10 13 17 22 28 37
Sphere size (mm)

Fig. 10. Predicted RC under the VPHD-S reconstruction
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RC VPFX-S Prediction

EARL2 band
—— 5%
—— 10%
094 = 25%

50%
—— 75%

1.0 1

0.8 1

RC

0.7

0.6

0.5 1

04+ (In-band: 30/30 (100.0%))

1l0 13 17 22 28 37
Sphere size (mm)

Fig. 11. Predicted RC under the VPFX-S reconstruction

RC QCFX-S-400 Prediction

i EARL2 band
—e— 5%
—o— 10%
0.9 o 25%
50%
—— 75%

0.8

RC

0.7 4

0.6 1

0.5 1

0.4 [In-band: 30/30 (100.0%)]

10 13 17 2 28 37
Sphere size (mm)

Fig. 12. Predicted RC under the QCFX-S-400 reconstruction

3. "2 4 E2 CNR, SNR & BV%

Pix2Pix 28 2§ & ok & sphere 37]0f] 2 CNRIF SNRE H] i 2451900} E 274 Lare] FollA] FojgFo] Z715t
1 3% 37)7} H-4E CNRI}F SNR 25 2|42 0 2 Abashe Ak LA hFig, 13, 14). GT B4} ol & A} 71 Paired t-test
& AR 2, B sphere 7] B FTF 274004 o5 F/d2] CNR Bl SNRO| 7] G thiH] SAI4 0.2 f-oju|stA] /=31
T (p<0.001, Table 7-12).
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Table 7. Comparison of GT and predicted CNR in VPHD-S reconstruction

5% 10% 25% 50% 75% P-value
37 GT 1745+ 141 1847 +1.33 41.99+2.65 4755+2.57 4825+2.17 p<0.001
Predicted 31.52+2.25 33.14+2.10 4772 +£2.65 5721+£2.72 60.65 +2.40
281 GT . 17.12+ 1.46 17.80+1.35 39.10+2.60 44,54 £2.54 4495+2.14 <0001
Predicted 3142+2.36 31.78£2.13 4493 +2.63 5479 £2.75 59.69 +2.50
2o GT . 16.02+1.44 16.36 +1.31 35.62+2.49 41.13+2.47 41.45+2.07 p<0.001
Predicted 30.60+2.42 31.18+2.20 41.50+2.56 48.11+2.54 55.69 +£2.45
17 GT . 13.94+1.32 14.74+1.24 32.24+237 37.56+2.37 38.34+2.01 <0001
Predicted 28.28 +2.35 26.93+1.99 38.50+2.49 46.77+£2.59 52.00 +2.40
13mm GT . 10.61+1.05 11.30+£0.99 2429 +1.87 28.22+1.86 28.17+1.55 p<0.001
Predicted 19.28 +1.68 19.72 +1.53 24.74 +1.68 30.84+1.79 34.24 + 1.66
GT 6.38£0.66 7.07 £0.65 1518 +1.22 17.85+1.23 17.82+1.02
10mm . p<0.001
Predicted 1240+ 1.13 11.98+0.97 17.59+1.25 2124+1.29 21.65+1.10
Table 8. Comparison of GT and predicted CNR in VPFX-S reconstruction
5% 10% 25% 50% 75% P-value
37 GT . 22.23+1.80 2991+2.15 39.15+247 41.19+222 43.68+1.97 p<0.001
Predicted 36.41+2.60 35.85+2.27 49.80+2.76 60.50 +2.87 7293 +£2.89
28 GT . 20.65+1.77 2848 +2.16 37.72+2.51 38.77+2.21 41.62+1.98 <0001
Predicted 34.84+2.62 34.01+2.27 46.46+2.72 58.80£2.95 68.45+2.86
20m GT . 20.07+1.81 27.02+2.16 3492+244 3585+2.15 38.07+1.90 <0001
Predicted 31.48+2.49 32.73+2.30 4424 +2.73 5439 +2.87 65.77+2.89
V7 GT . 16.60 +1.57 2271191 30.39+£2.23 32.26+2.03 33,10+ 1.74 <0001
Predicted 29.05+2.42 2825+2.09 37.30+241 49.09+£2.72 55.15+2.55
13 GT . 13.98 +1.38 18.87 £1.66 23.81 £1.83 2538 +1.68 26.12+1.44 <0001
Predicted 19.64+1.71 21.33+1.65 29.01+1.97 3720+2.16 4425+2.14
Lo GT 8.03+0.83 11.75+1.08 1625+ 1.31 19.32+1.33 2123+1.22 <0001
Predicted 16.62+1.51 17.68 +£1.43 2445+1.73 32.81+1.99 3741+1.89 '
Table 9. Comparison of GT and predicted CNR in QCFX-S-400 reconstruction
5% 10% 25% 50% 75% P-value
s OT 24754200  3504+252 43594275  3543+191  28.84+130 <0001
Predicted 48.69 +3.47 51.10+3.24 51.05+2.83 53.72+2.55 74.94+297
280 GT 2299+1.97 32.99+251 41.03+£2.73 33.58+1.91 27.18+1.29 <0001
Predicted 45.00+3.39 4799+3.21 48.64 +2.85 51.74+2.60 72.83+3.04
2o GT 23.75+2.14 32.47+2.60 40.15+2.81 32.87+1.97 26.61+1.33 p<0.001
Predicted 4522 +3.58 46.26 +3.26 47.80+2.94 48.64 +2.57 69.50 +3.06
17 GT 1847+ 1.75 26.50+2.23 3296+242 27.08+1.71 2193+1.15 p<0.001
Predicted 36.74+3.06 38.68 £2.86 38.91+2.52 40.99 +2.27 56.54+2.61
13mn GT 15.55+1.54 22.04+1.94 27.17+2.09 2224 +147 18.00 £0.99 p<0.001
Predicted 31.03+2.70 3341 +2.59 3348 +227 3348 +1.94 46.88 £2.27
o GT 10.32+£1.07 16.52+1.52 21.77+1.75 18.09+ 1.25 14.96 £ 0.86 p<0.001
Predicted 16.34+1.49 19.86 +1.61 22.40+1.59 25.82+1.57 38.57+1.95
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Table 10. Comparison of GT and predicted SNR in VPHD-S reconstruction

5% 10% 25% 50% 75% P-value
GT 346+0.28 3.54+0.25 5.36+0.34 6.84£0.37 6.29+0.28
37mm . p<0.001
Predicted 5974042 7.08 £0.45 7.87+0.43 8.36+0.40 9.90+0.39
GT 324+0.28 3.27+0.25 4.14+0.28 5.03+0.29 5.12+0.24
28mm . p<0.001
Predicted 447+0.34 6.42+043 7234042 8.51+043 8.45+0.35
GT 320+0.29 3.74+0.30 3.99+£0.28 527+032 4.68+0.23
22mm . p<0.001
Predicted 521+041 591+042 5.59+0.34 7.45+0.39 7.97+0.35
GT 2.85+£0.27 5.17+043 3.60=+0.26 485031 4274022
17mm . p<0.001
Predicted 4.17+0.35 420+0.31 438+0.28 4.53+0.25 437+0.20
13mn GT 3.04+£0.27 4.07£0.36 3.19+0.25 3.40+0.22 3.19+0.18 <0.001
Predicted 226+0.21 321+0.25 3.63+0.25 3.48+0.20 3.52+0.17 p=2
GT 1.69+£0.17 2.83+£0.26 2.18+0.18 239+0.16 2.40+0.14
10mm . p<0.001
Predicted 226+0.21 244+0.20 2.90+0.21 3.18+£0.19 3.97+0.20
Table 11. Comparison of GT and predicted SNR in VPFX-S reconstruction
5% 10% 25% 50% 75% P-value
GT 3.25+0.26 3.80+0.27 4.80+0.30 5.02+0.27 3.94+0.18
37mn . p<0.001
Predicted 6.48 £0.46 6.78 +0.43 7.36+041 823+0.39 9.57+0.38
GT 2.96+0.25 348+0.26 4.47+0.30 459+0.26 3.78+0.18
28mm . p<0.001
Predicted 471+0.35 5.06+0.34 6.91+£0.40 8.18+£0.42 6.78 £0.28
GT 2.88+0.26 3.19+£0.26 4.05+0.28 439+0.26 342+0.17
22mm . p<0.001
Predicted 521+041 547+0.39 6.224+0.38 775041 7.57+0.33
V7 GT 2.50+0.24 2.75+0.23 3.37+0.25 424+0.27 2.88+0.15 <0001
Predicted 4.17£0.35 4.44+0.33 446+0.29 5.75+0.32 5.65+0.26 P=2
GT 220+0.22 240+0.21 278+0.21 322+0.21 251+0.14
13mm . p<0.001
Predicted 3.04+£0.27 3.59+0.28 4.37+0.30 4.19+0.24 471+0.23
GT 1.51+0.16 1.69+0.16 223+0.18 247+0.17 2.12+0.12
10mm . p<0.001
Predicted 2.62+0.24 2.83+£0.23 331+0.23 3.64+£022 4.48+0.23
Table 12. Comparison of GT and predicted SNR in QCFX-S-400 reconstruction
5% 10% 25% 50% 75% P-value
GT 3.75+0.30 397+£029 428+0.27 498+0.27 555+0.25
37mm . p<0.001
Predicted 6.58+0.47 7.92+0.50 9.11+0.51 10.03 +0.48 9.14+0.36
GT 3.39+0.29 3.60+0.27 3.94+0.26 441+0.25 4.76+0.23
28mm . p<0.001
Predicted 491+037 5.74+0.39 6.85+0.40 7.89+0.40 10.17+0.43
GT 3.44+0.31 349+0.28 3.85+£0.27 423+0.25 4554023
22mm . p<0.001
Predicted 5.64+0.45 6.50 +0.46 7.83+0.48 9.53+0.50 8.64+0.38
GT 3.33+£032 3.17+0.27 330024 3.50+£0.22 3.33+0.17
17mm . p<0.001
Predicted 4.86+0.41 4.46+0.33 5.79+0.37 6.09 +0.34 6.04+0.28
GT 2.51+0.25 272+024 2.82+022 3.02+0.20 2.88+0.16
13mm . p<0.001
Predicted 423+0.37 4.09+0.32 450+0.31 422+0.25 4.69+0.23
GT 1.83£0.19 225+0.21 2.39+0.19 2.62+0.18 2.53+0.15
10mm . p<0.001
Predicted 3.05+0.28 2.56+0.21 2.81+0.20 3.03+0.18 3.55+0.18
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Fig. 13. Comparison of predicted CNR across in reconstruction methods
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Fig. 14. Comparison of predicted SNR across in reconstruction methods
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Fig. 15. BV% according to radiopharmaceutical injected dose
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