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Improved U-Net model for generating synthetic CT from brain MRI
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Hospital (First Clinical Medical School, Gansu University of Chinese Medicine), Lanzhou 730000, China

Abstract: Objective To propose an improved U-Net approach for generating synthetic computed tomography (sCT) from
brain magnetic resonance imaging (MRI), achieving MRI-to-sCT translation, and further compare the brain sCT generation
performance of the improved model with that of the traditional U-Net model. Methods The SynthRAD2023 dataset for CT
image generation in radiotherapy planning was adopted in the study. The brain MRI and CT images of 120 patients were
selected as the training set, while those from 39 patients were used as the test set. A traditional U-Net model and an improved
U-Net model were constructed, and their generated sCT were evaluated regarding image quality and intensity values. Results
For the cases in the test set, the average absolute error relative to ground truth CT reached (100.28+49.67) HU for the
traditional U-Net model and (94.87+42.50) HU for the improved model. The corresponding peak signal-to-noise ratios were
(26.43+2.70) dB and (26.85+2.73) dB, and the structural similarities were 0.808+0.092 and 0.820+0.085, respectively.

Conclusion The proposed improved U-Net model outperforms the traditional U-Net model in terms of accuracy for brain

MRI-to-sCT translation.
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Figure 1 Overall structure of the improved U-Net model
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Figure 6 Comparison of sCT generated by different models and their differences with the ground truth CT



- 780 -

N e

543 %:

P2 1R 39 5103 48 BN A2 AN [FIASE Y T A B
sCT FMZ 8 P EM 8 bR XT3 PR FE AR 1Y
TIME LR E  ABEIEHE 0 s AR 2 £ F U-Net
5 Pix2pix B AL, FHAS T U-Net 15 5 MAE [41% 5.39%,
PSNR #2 & 1.59%, SSIM 4 15 1.49%. M b i 22 %
F AR SCHRIE T PSNR %215 \MAE F1 SSIM $§ 45 45
i F U-Net 55 Pix2pix #5578 . 3 i3 B A A 5% 26 B 1)
sCT HAT 8 e 1 MG B i, W A1, 5 52 CT KR
H (1 i ) 5 4 A T

T 0K B MRT AR B sCT 25 SR E 47 T #i 4k &2
W, i — 20 R MU AR RLE T U-Net £ A 5 Pix2pix
PR 2B SN 6 frzs . 55 15102 MRI BS54 2 51 2
FLSECT BUA, 56 3 5 R R IRIA 56 4 91 2 sCT EIR,
55 550 R 22 M MG, 26 6 B S BLSE CT 1 JRy B e Kk &l
18,55 7502 sCT W B K BE . 2 EEE T, a0
0,4 1F 22 (8 R sCT AH L L 52 CT i 350 43, Ik 25
(B R 22 43, 5 €k 11 22 (8 BD sCT AH L6 FL52 CT R A%
oy e PUBE L, ORI A 1Y) sCT 7E 5B 5 1 i
A IR T O B R ) B RS R . 25 (i R
38R B AR TR A T 2 A Y e R R R 2 B R A
U-Net #5281 51 4 v H GRS B0 /)N, 28 B ek RS AU A
1o B EE A I HU RS 1 T4 EL5E CT

AN ASBIF 5T T 39 15995 161 76 A SO Y 5 U-Net
BT A LA SR b D) R 3 RO 451 0 2, AT e 1 )
00T, PIZH L%, MAE . PSNR . SSIM 2 %3947 48
P24 X (P<0.05) . MAE %W K/ 4-0.1193, H.
95% B A5 X 8] Ky (-5.738 8, -5.532 1) , {7 H A SO Y
R ZERE ] - BAT B R A3, PSNR (SSIM 450 K
JNAR B R 0.153 8.0.137 5, 95% B 15 X 16] 43 % K
(0.4155,0.4271) .(0.01211, 0.012 5) , i 7 H A SCAE
I T U-Net #5580 7E PSNR . SSIM |- — 5 &0 )
PET, RIS (G BT TSR

4 4 g

AT X 3L T MR A= B sCT #EATHREK .«
[l 2& MRI-only JiC7 315 H sCT A B A ¢ B 1] 2, 2
BT U-Net MU I BR 227 2 B, SLgR 45
W], 25 A CoordConv , ConvNeXt Block , Triplet
Attention Fll Cross Attention SEF R | A SO 7 39 44
MR e L 2i A HERe YL T 48 U-Net, HAKFR
LA MAE FAIK 5.39%, PSNR $2 5 1.59%, SSIM 4 /5
1.49% , F& WA SCIERULE CRFF 540 40715 5 SORRE Y
[, A 2R T sCT YRR BT it SRRE Mk . X —2%5
o s AR 5] A (A AR bR AR B L 2 4R T 2 ) AL A
B A5 A ARG A0 S TR 2 2] J7 15, ] DA I 3 A o
BRI RPE R IBRE ) 5 B B 40 1) & 1%, R0 A

MRI £ CT 254525 Bt 5 v 1385 3l 328, oy S 9 MRIiE5
BRI R CT RS HLHT UK, ok itk — 20 ot
MRI-Only jit 72 (9 i 5% 5 46 k48 41 7 52, Jf A B 7
MRI 5|5 1 F 3 BT 48 R f e vk . 9
Hb AT ST R FH A REAS B 02 2 bt S R L A
FI TR TZ AL o ARAIF 5% 3l R 2% HL b A 7Y
) A L e

[&% k]

[1] Simko A, Bylund M, Jonsson G, et al. Towards MR contrast
independent synthetic CT generation[J]. Z Med Phys, 2024, 34(2):
270-277.

[2] Chourak H, Barateau A, Tahri S, et al. Quality assurance for MRI-only
radiation therapy: a voxel-wise population-based methodology for
image and dose assessment of synthetic CT generation methods[J].
Front Oncol, 2022, 12: 968689.

[3] Lerner M, Medin J, Jamtheim Gustafsson C, et al. Prospective clinical
feasibility study for MRI-only brain radiotherapy[J]. Front Oncol,
2022, 11: 812643.

[4] Yang X, Feng B, Yang H, et al. CNN-based multi-modal radiomics
analysis of pseudo-CT utilization in MRI-only brain stereotactic
radiotherapy: a feasibility study[J]. BMC Cancer, 2024, 24(1): 59.

[5] Young T, Dowling J, Rai R, et al. Clinical validation of MR imaging
time reduction for substitute/synthetic CT generation for prostate MRI-
only treatment planning[ J . Phys Eng Sci Med, 2023, 46(3): 1015-
1021.

(6] FF4, THR, FARE, ¥ . AT Transformer 49 4 s T30 W 25 F)
T 5B MRI A A CTT]. F B B 545 5 & &, 2025, 42(6):
701-707.

Li FH, Ding SL, Li YB, et al. Synthetic CT generation from NPC MRI
using Transformer-based generative adversarial network [ J]. Chinese
Journal of Medical Physics, 2025, 42(6): 701-707.

[7] Hoffmann A, Oborn B, Moteabbed M, et al. MR-guided proton
therapy: a review and a preview|[J]. Radiat Oncol, 2020, 15(1): 129.

[8] Albertini F, Matter M, Nenoff L, et al. Online daily adaptive proton
therapy[ J . Br J Radiol, 2020, 93(1107): 20190594.

[9] Li X, Bellotti R, Meier G, et al. Uncertainty-aware MR-based CT
synthesis for robust proton therapy planning of brain tumour[J].
Radiother Oncol, 2024, 191: 110056.

[10] &rdr, 3 —ta, B SR & TH # A R4 A 40 a3k B R 5

AT B R AR AL A AR T]. A E F TR F R &, 2025,
42(3): 575-584.
Shao H, Jing YX, Cui WC. Cross modal translation of magnetic
resonance imaging and computed tomography images based on
diffusion generative adversarial networks[J]. Journal of Biomedical
Engineering, 2025, 42(3): 575-584.

[11] Thummerer A, van der Bijl E, Galapon A Jr, et al. SynthRAD2023
grand challenge dataset: generating synthetic CT for radiotherapy[J ].
Med Phys, 2023, 50(7): 4664-4674.

[12] El Jurdi R, Petitiean C, Honeine P, et al. CoordConv-Unet:
investigating CoordConv for organ segmentation[J]. IRBM, 2021,
42(6): 415-423.

[13] Liu MK, Zhuo YT, Liu J, et al. Real-time estimation of lung
deformation from body surface using a general CoordConv CNN/[J].
Comput Methods Programs Biomed, 2024, 244: 107998.

[14] Yin AC, Ren C, Yue WT, et al. CDAU-Net: a novel CoordConv-
integrated deep dual cross attention mechanism for enhanced road
extraction in remote sensing imagery[J]. Remote Sens (Basel), 2023,
15(20): 4914.

[15] Fan XS, Ding WT, Qin WL, et al. Fusing self-attention and CoordConv
to improve the YOLOVSs algorithm for infrared weak target detection
[J]. Sensors (Basel), 2023, 23(15): 6755.

[16] Liu Z, Mao HZ, Wu CY, et al. A ConvNet for the 2020s[ C ]//2022
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR). Piscataway, NJ, USA: IEEE, 2022: 11966-11976.



6 s U-Net

MRI CT - 781 -

[17] Song JH, Nie XB, Wu C, et al. A novel intelligent fault diagnosis
method of rolling bearings based on the ConvNeXt network with
improved DenseBlock[ J]. Sensors (Basel), 2024, 24(24): 7909.

[18] Liu SK, Cao S, Lu X, et al. Lightweight deep learning model,
ConvNeXt-U: an improved U-Net network for extracting cropland in
complex landscapes from Gaofen-2 images[J]. Sensors (Basel), 2025,
25(1): 261.

[19] Wei FM, Wang X. Sar ship detection based on convnext with multi-
pooling channel attention and feature intensification pyramid network
[J]. Sensors (Basel), 2023, 23(17): 7641.

[20] Dai JF, Qi HZ, Xiong YW, et al. Deformable convolutional networks
[C1//2017 IEEE International Conference on Computer Vision
(ICCV). Piscataway, NJ, USA: IEEE, 2017: 764-773.

[21] Misra D, Nalamada T, Arasanipalai AU, et al. Rotate to attend:
convolutional triplet attention module [C]/2021 IEEE Winter
Conference on Applications of Computer Vision (WACV). Piscataway,
NJ, USA: IEEE, 2021: 3138-3147.

[22] Tang L, Yi JZ, Li XY. Improved multi-scale inverse bottleneck residual

network based on triplet parallel attention for apple leaf disease
identification[ J]. J Integr Agric, 2024, 23(3): 901-922.

[23] Li Y, Yan BB, Hou JX, et al. UNet based on dynamic convolution
decomposition and triplet attention[ J]. Sci Rep, 2024, 14(1): 271.

[24] Li XX, Xue SY, Xie JY, et al. Interactive triplet attention for few-shot
fine-grained image classification[J]. Neurocomputing, 2025, 655:
131377.

[25] Meng WJ, Shan LL, Ma SG, et al. DLNet: a dual-level network with
self-and cross-attention for high-resolution remote sensing
segmentation[ J |. Remote Sens (Basel), 2025, 17(7): 1119.

[26] Li FD, Lu XY, Yuan JJ. MHA-CoroCapsule: multi-head attention
routing-based capsule network for COVID-19 chest X-ray image
classification [J]. IEEE Trans Med Imaging, 2022, 41(5): 1208-
1218.

[27] Wang Z, Bovik AC, Sheikh HR, et al. Image quality assessment:
from error visibility to structural similarity [J]. IEEE Trans Image
Process, 2004, 13(4): 600-612.

CEN 2SS



