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Fig.3 Experimental results and local enlarged images of abdominal
images using different algorithms
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Fig.4 Residual and local enlarged images of abdominal image experimental results using different
algorithms (Pseudo color display with a window of [0, 128])
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Table 1 Experimental results of different algorithms

64 2% PSNR/dB SSIM RMSE SR /M IR /h
DnCNN 29. 0412 0.8161 0. 0359 6.73 2.07
RED-CNN 31.9144 0.8813 0.0255 10. 41 8.05
SwinIR 35. 1524 0.9427 0.0176 27.28 11.28
Uformer 38.2551 0.9563 0.0124 20. 75 13.12
TE-unet 38.5729 0.9583 0.0119 53. 55 14.13

2.4.2 TEHHAE THSHER

H T HRER TE-unet {EARIFG B EE N IRE BERIIGE S, AL/ HILL 15, 30, 60 F1 90 /N
FE R B & SR AR A S AN T ISR, 35 i 0] 256 4 AT 0 #

TEMR AR T B LRI — 7K S B DU 7R S8 AEAS [ A f0 B B I B PR . sl 5 nf WL, 7
15 AN A T I I UG TR AR 22, AR P DL 240K Db R« b £ % 0 30 B, T LUK
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90 I, EUR BS54 5 S0 DG B R B T ok, 311 UG R A

Input

Output

(a) FHXsE (b) 15 fAfE (¢) 30 f /% (d) 60 fJE (e) 90 fJE
B 5 AFREAET S E B S50 &5 BT Ak

Fig.5 Experimental results under different sparse angles
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Tebr A%, 5 30 AMAEE PR E &AL, PSNR K 3. 5545dB, SSIMAIL 0. 0493, RMSE & 0. 009;
560 M R IEE KA EL, PSNRAK 6.9832dB, SSIMAX 0.0769, RMSE /& 0.0148; L 90 M/
NAHEL PSNR A 7.8405dB, SSIMAIL 0. 0827, RMSE 15 0.0159. SZI &k BLRHT, Y4056 £A 3 1 K,
W 268 P A2 1) G R R AR B A U

2 ARIFEFHARE TR S5 55 R

Table 2 Experimental results of test sets under different sparse angles

Ml f PSNR/dB SSIM RMSE
15 31. 8786 0.8954 0.0258
30 35.5670 0.9341 0.0169
60 38.5729 0.9583 0.0119
90 39. 6324 0. 9650 0.0106

2.5 MEAIRERE

AN TE-unet N FRHLHIXS 2eme G M sgm . EH AL S H— SO0, {FH PSNR. SSIM
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K 6 A Transformer BN 4% 45 14
Fig.6 Network structure of different Transformer blocks
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BRRAS. GIRAERW], ASCTHE 4 T DL A ey >) B EHGARAE, MR ERRCR 5, 407 SN .
2.5.2 FEENRE

HIEJZ R 28k B AR, DRI AR /N30 LAAS [ 7 A PR T 2 o6) T 28 M R ) 5

] 8 i W 24 A AN [ i 50 22 A LR A P b — R IR R . AT L, L2 R &AL (multiLayer
perception, MLP) 1A a4t f2 o i i B R A4 =5 A5 IHAT— 26 B0k) ;LA Uformer Hh J) 08 35 i (1 Hi
M 2% (local ly-enhanced feed—forward, Leff) fENHIiNZEHE BB ST EHREE; [
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Fig.7 Experimental results and enlarged images of different number of Transformer blocks
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Table 3 Experimental results of different number of Transformer blocks

ANEERE T PSNR/dB SSIM RMSE SR /M YIZRIK:/h
Only-Skip 38.2681 0.9571 0.0124 29. 25 11.65
TE-unet’ 38. 4930 0.9578 0.0121 63. 94 15.98
TE-unet 38.5729 0.9583 0.0119 53. 55 14.13
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Fig.8 Experimental results and enlarged images of different feedforward layers
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Table 4 Experimental results of different feedforward layers

A[FHTE PSNR/dB SSIM RMSE ZHE/M YRR /h
MLP 38.1269 0. 9569 0.0126 53. 29 14.17
Leff 38.5563 0. 9569 0.0119 53.55 14. 38
Conv 38.5729 0.9583 0.0119 53.55 14.13
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Fig.9 Experimental result diagram of Transformer block is missing
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Table 5 Experimental results of missing Transformer block

e PSNR/dB SSIM RMSE S /M WK /h
No-Trans 38.0571 0. 9560 0.0127 20. 85 9.5
TE-unet 38.5729 0.9583 0.0119 53.55 14.13
~H
3 éﬁgln
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Sparse Reconstruction of Computed Tomography
Images with Transformer Enhanced U-net

FAN Xuelin', WEN Yugi’, QIAO Zhiwei"™

1. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China
2. School of Materials Science & Engineering, Beijing Institute of Technology, Beijing 102401, China

Abstract: An effective way to achieve low-dose computed tomography (CT) is to reduce the projection angle while
maintaining the same radiation dose at each angle. However, a fewer projection angle can result in severe strip artifacts,
reducing the practicality and clinical value of the image. To address this issue, a U-shaped network (Transformer Enhanced U-
net, TE-unet) coupled with convolutional neural network (CNN) and multiple attention mechanisms was proposed. Firstly, a U-
shaped architecture was adopted to fuse multi-scale feature information; Secondly, a module that includes CNN and multiple
types of attention was proposed to extract image features; Finally, transformer blocks were added at skip connections to filter
information, suppress irrelevant features, and highlight important features. This network combines the local feature extraction
ability of CNN and the global information capture ability of Transformer, supplemented by various attention mechanisms, to
achieve good ability to remove stripe artifacts. At 60 projection angles, compared to the classic uformer network, peak signal
to noise ratio (PSNR) is 0.3178 dB higher, Structural Similarity (SSIM) is 0.002 higher, and Root Mean Square Error (RMSE)
is 0.0005 lower. The experimental results show that the proposed TE-unet network reconstructs images with higher accuracy,
preserves better image details, and can better suppress strip artifacts.

Keywords: sparse reconstruction; computed tomography; Transformer; multiple attention mechanism; strip artifact
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