H40%  HH3 M AP R e AR Vol. 40 No.3
20234F 3 H Chinese Journal of Medical Physics March 2023 - 313 -
DOI:10.3969/.issn.1005-202X.2023.03.009 L E

E T DenseCUT M2 HLEREF R CT BB ER G CT B&

XA, ELF B, AW, PR RE AR

LR ERERE AR K TSN AR, 28 G0 2300265 2. SR TEFH.0, 280618 230088 ; 3. 1 ERM A AR K F MR

i IRBEHURASTRL, BRI 230001

(82 |42 th —FF b L 3R4E R CT(CBCT) B4 4 & p CT(sCT) B 4% 649 T W BIR B 5 3] W 4%, 5F 5 46 2R A & st 4
(CycleGAN) W % B f Yb3F Be 2t 45 3% (CUT) M %3t 47 W4 . AAT 50 36 3R IR 56 47 i 2T Ak 9 % =& 0931 %] CT(pCT) A= CBCT
FHE(F P 4960 A T 4,760 A T X ), 2 514% A CycleGAN M %4 . CUT M 25 YA BORHF 50 32 31 0 55 45 3 v AF Be st 45 35
(DenseCUT) M % & CBCT B 4% 4 % sCT. DenseCUT M %7 # 5. 6] #7243 CUT M4 5 5 5 3 W 245 454~ AR Kk Fa 3
oL MARME, 5 pCT-CBCT A8 1t,pCT-sCT(DenseCUT M % ) #) HU 14 - 34 4. 352 £ M 34.38 HU 543 17.75 HU,
M {H A2 2R YA 26.19 dB 42 2] 29.83 dB, £ #4840 0.78 32 51 3 0.87, A 75 ik 7T /£ R UK M3 & M a9 M oL T A
CBCT A% ¥ £ . & i 2649 sCT BA%, B i AR E S A4 % 42 CBCT & A Tl &3t FAe B & 5407 HH R R A THE

[ 54818 |4 R CT; 6 p% CT; %5 48 x4 Ho 3k Bie x5 35 W 2%

[FE S ZE]R318;R811.1 [ XEkiRET]A [32E42)1005-202X(2023)03-0313-07

Generation of synthetic CT image from head cone beam CT image using DenseCUT
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Abstract: An unsupervised deep learning network is presented for generating synthetic CT (sCT) images from cone beam CT
(CBCT) images of the head, and it is compared with cycle-consistent generative adversarial network (CycleGAN) and
contrastive unpaired translation (CUT). After collecting the planning CT (pCT) images and CBCT images of 56 brain tumor
patients (49 for training and 7 for testing), the sCT images are generated from CBCT images using CycleGAN, CUT, and the
proposed dense contrastive unpaired translation (DenseCUT), separately. DenseCUT has two novelties, namely combining
the CUT network with the dense block network, and adding structural similarity to the loss function. Compared with pCT-
CBCT, pCT-sCT (DenseCUT) reduces the average absolute error of the HU from 34.38 HU to 17.75 HU, increases the peak
signal-to-noise ratio from 26.19 dB to 29.83 dB, and elevates the structural similarity from 0.78 to 0.87. The proposed method

can generate high-quality sCT images from CBCT images without altering the anatomical structures, while reducing image

artifacts, which makes it possible for CBCT to be applied to dose calculation and adaptive radiotherapy planning.
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Figure 2 Generator and discriminator architectures
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Table 1 Quantitative comparison between pCT or CBCT and sCT generated by CycleGAN, CUT and DenseCUT

i MAE/HU RMSE/HU PSNR/dB SSIM
pCT-CBCT 34.38+7.39 97.08+7.16 26.19+1.56 0.78+0.13
pCT-sCT(CycleGAN M%) 18.02+2.62 70.31+8.83 29.63+1.03 0.85+0.08
pCT-sCT(CUT M%) 19.76+3.37 70.56+8.43 29.08+1.07 0.85+0.08
pCT-sCT(DenseCUT % 4% ) 17.75+3.14 65.97+7.33 29.83+1.17 0.87+0.03
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