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Direct PET to CT Attenuation Correction Algorithm Based on Imaging Slice Continuity

ZHENG Hanyuan' ,GE Rongjun®, HE Shengji’ and LI Nan'

1 College of Artificial Intelligence,Nanjing University of Aeronautics and Astronautics, Nanjing 211106 ,China
2 College of Instrument Science and Engineering,Southeast University,Nanjing 210096 , China

3 SinoUnion Healthcare Inc. ,Beijing 100192, China

4 Jiangsu Sinogram Medical Technology Co. ,Ltd. , Yangzhou,Jiangsu 225200, China

Abstract PET attenuation correction technology is of significant clinical importance, effectively reducing cancer misdiagnosis
rates and enabling more precise treatment planning. However, traditional PET attenuation correction methods face challenges
such as long scan times and errors introduced during post-processing.limiting their applicability. Recently,attenuation correction
methods based on directly generating CT from PET have gained popularity in clinical settings due to shorter scan times and the
advantage of avoiding post-processing errors. However, the substantial semantic differences and misalignment between PET and
CT pose significant challenges for direct PET-to-CT attenuation methods in modal generation. To address this challenge, this pa-
per proposes a PET attenuation correction method based on Cycle-S2SCT-Net. Cycle-S2SCT-Net utilizes a cyclic generative ad-
versarial structure to learn the mapping between PET and CT distributions, facilitating semantic translation between the two mo-
dalities. Within a single generative adversarial network, Cycle-S2SCT-Net integrates an imaging slice continuity module to en-
hance the network’s semantic alignment capability, thereby improving the continuity and accuracy of generated images. Addi-
tionally, this paper introduces a network feature layer loss function(Layer Loss) to enhance the feature extraction capability of
the generation network. The experimental results demonstrate that CT generated by Cycle-S2SCT-Net and its attenuation-correc-
ted PET exhibit excellent performance in both quantitative evaluation metrics,such as peak signal-to-noise ratio(PSNR) , struc-

tural similarity index(SSIM) ,root mean square error(RMSE) ,and visual quality.
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Torso 36.5140.25 35.9440.18 36.034-0. 10 36.54%0. 10 36.4940.22

Leg 37.4240.46 36.1940.03 36.0740.57 37.39740. 64 37.4740.43

Total-Body 73.0246. 40 70.13=43. 45 72.18+3.55 69.04+5.69 68.56+7.38

RMSE Head 110.154:15.62  108.2447.61  116.93414.84  108.28--20.73  105.76+12. 64

Torso 58.14=+1.04 57.50+2.71 57.4741.31 56.31£1.07 57.0840.07

Leg 58.23+5.50 64.7043.15 69.70+7. 14 66.2447.69 65.4546.52

Total-Body 94.1740.11 94.02+0.07 93.91+0.18 94.234+0.03 94.3020. 07

SSIM Head 92.1240. 82 91.7440.12 90.90=+0. 77 91.5140.16 92.0740.58

Torso 94.46+0.06 93.8840. 05 93.32240.07 94.4340.16 94.89+0. 13

Leg 95.3240.02 94.82+0.13 94.16-+0. 21 95.0640.32 95.4940. 16

TE LR B i 45 2R T R R F R A 25 5

NG ok, Cycle-S2SCT-Net 4 i J7 8 A7 b T HoAth &
BPEAR WU T RO IR R LA IR . T B R B R AR AL
PSNR,RMSE #1 SSIM #8475 I+, Cycle-S2SCT-Net FEA MG T
T AR AR AR 109 26 i 45

X F cGAN, BUARBI AT A2 AT PLgh 4 0 i oK 3 5 4%
HEARBUAE 7 cGAN A2 19 CT 5 A6 40 5 F 25 4 b A5 77 1

AR Tk ik B A I 85CR

St F CyeleCT, Hoil 3 76 B — BUME 48 48 i T 2k i B 1R
B R B TR BE T4 i #E PET M1 CT BEM% 2 18] 1Y 15 X
225 M CT B B AN A fE i .

X F Unet, H i T 18 50 14 25 04 R3¢ 20 14 2 880, e 06 4 42
PET % CT ¥4 1 1A R GUReAF , B kA= iy CT 48 45 7 & 7
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H. ASEG EHi#E PET % CT ¥ #e 5 rmi Z B4 15
Cycle-S2SCT-Net #H Hb . e Z Y] | 1% S0 M 455 He 1) 34 5, ff H A=
B CT EIHMEFE AR E 5 =,

MMi Cycle-S2SCT-Net i #F 5] A ¥J 7% £ ¥ Transformer
A e 1 4 B 2 458 2 BRI, 7 R AT 2 SRR TSR A i THD % R
o, HERU PET EMQTE A O B 45 1 58 8 1 R (A 20 5 2L
R BT H A LTk
3.3.2 CT R HWZRHM

J T ARBCE WA L CT 4 51, LAtk — 45 5 iF s A

GAN

WMERE . TEE 3 PR R TR 5 ¥k 4 i CT BMR 19 B W
B ALHE AN IR) 7 vk AE 5 IR T S R T 0 BT T Y AR R Y
CT G, Horb, 55 — 47y 1 W 1 25 3 % L, 58 — A7 S R E
ERXF LY fJa — AT R R 2 R AT L

Al L B F L Cycle-S2SCT-Net #ll ASEG 4= i) CT
QA IR S5 kg b AL T HoAth 7 vk, T 48 9 )2 T, Cycle
S2SCT-Net AHLL T ASEG F 4k, ¥ 5 2 76 4 7 &b 350 F1 5 2
15 88 5 T » Cycle-S2SCT-Net A= A% Y I {5 T i 335 B o 45 44 58 Jin

e

W

& 3 4% PET WK IE LA & CT 56 45 1

Fig. 3

16 E P45 B2, Cycle-S2SCT-Net 38 33 51 A HJ H- 7% 22
T Transformer B4R 14 A% 2 458 % sR AL, A 208+ T AE R CT
VRGBTt . BB R 2% bR BB 5 38 T T 25 1Y
FRAE$R RN 38 SCXT 3568 0, DATAT AR B I v s R E Sy CT
&, X ffifF Cycle-S2SCT-Net #£ PET 3 Jd % 1E H R 3 11
0, GBS 42 IUTE I IR b AT ] T3 i A R iy i B i CT B4R,
3.3.3 PET ZBRELRTZH5H
T 34l Cycle-S2SCT-Net 78 PET %A% 1IE{F % 1 i
PERE , A R AR LY CT B N T PET EBHR 09 2 8 1K IE
HZE PET 8RB a3 2 o, 2 dr 46 b5 2 0 i % 2 Fh
SRR IR R 45 2R 5 AR 1 B SE PET 32 08I IE 45 SR AT
HL A 1
2 KW IE T kX ER PET 47 2080 IE 5 9 E i L
Table 2 Quantitative comparison of attenuation-corrected PET

using different attenuation correction methods

Cycle-S2SCT-Net

Metric Unet cGAN CycleCT ASEG

(Ours)
PSNR 46. 45 44.81 46. 62 46.53 48.78
RMSE  57.16  59.20 47.32 45.59 44.16
SSIM 99. 64 99.71 99.77 99. 64 99. 80

TE AL R B A B 45 2R T R R R A 25 5

MR 2 AT AL, Cycle-S2SCT-Net 7 T A 5 b5 b 43 3l 35
BT d A S5 A A L 4 B D7 3% Unet, ¢cGAN, CycleCT Al
ASEG IR T M B A S8 0% IE A g R . BB E Y,
SEH Y 5 Bl AR B IR RE SR AN PET 2 CT BUf&R ] 9 i X

Visual results of CT generation for each PET attenuation correction method

VA AR B CT PRI 45 M 5 B30 CT #8 hiE M,
M RIEA: B CT W] LIRS IE I R PET 4 sifgk . (AR T 9%
M L I AN, Cycle-S2SCT-Net 16 385 /1 T 15 S 1S 58 4% B, {
BHARA CT BIE AT LM F 4 Fhst 5k, X eegl
TR HAE PET WAL EA BP0 & T BURAE A, B & 427
T HEAS VAL E R AR I

i PET Sk 4 1F 55 560 18 1k 45 B 0T LLAS Y, Cycle-S2SCT-
Net P4 575 78 58 WURE IE AT 55 v A T 58 S 41 R A PR g, 7T LA
Bl A 52 R CT A M PET S0 1E AR 45, BA I R B;
A .
3.3.4 PET RRKELRZH

AT R Cycle-S2SCT-Net 7£ PET Ik £ 1E AT 55 1 Y
FETEMERE AN R AR IR Y PET WA RS SR 5 H 5
CT BMR A Ly PET %080 I 45 b 47 7 4t i, an el 4
JiR . o B8 — 47 S B R T 45 SR X B BB AT O R R T 4
R I JE — AT Ry R T R R 45

H A58 25 5 7T 1, Cycele-S2SCT-Net J7 ¥ 8 Ho Al 4 Fh X
Ak 78 PET # i As 1IE 45 5% L9 WGE T B S CT it fr
WAL IE R B PET %5

%t F Unet,cGAN,CycleCT fil ASEG iX 4 Fp 5 Ho 332 19
R EL R BRARE 2 B il se L HE R 515 CT M
TE U E 15 23 SR A S W 010 o (L 20 2 08 o 81 A A A PR e 5 il
X B B S R — AR,

525 F Cycle-S2SCT-Net 4= i A9 CT EIMZ AY I = . H
SEAE AR B A M CT 47 204 1E )5 9 PET IR R 8
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Fig. 4 Visual results of attenuation-corrected PET for each PET attenuation correction method
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