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Abstract The multi-energy computed tomography (CT) technique can resolve the absorption rates of various energy X-
ray photons in human tissues, representing a significant advancement in medical imaging. By addressing the challenge of
swift degradation in reconstructed image quality, primarily due to non-ideal effects such as quantum noise, a dual-stream
Transformer network structure is introduced. This structure utilises the shifted-window multi-head self-attention denoising
approach for projection data. The shifted windows Transformer extracts the global features of the projection data, while
the locally-enhanced window Transformer focuses on local features. This dual approach capitalizes on the non-local self-
similarity of the projection data to maintain its inherent structure, subsequently merged by residual convolution. For model
training oversight, a hybrid loss function incorporating non-local total variation is employed, which enhances the network
model’s sensitivity to the inner details of the projected data. Experimental results demonstrate that our method’s processed
projection data achieve a peak signal to noise ratio (PSNR) of 37. 7301 dB, structure similarity index measurement (SSIM)
of 0.9944, and feature similarity index measurement (FSIM) of 0. 9961. Relative to leading denoising techniques, the
proposed method excels in noise reduction while preserving more inner features, crucial for subsequent accurate
diagnostics.
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dual-steam transformer enhanced projection denoising network (DTE-PDN)
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Fig. 1 Structure diagram of the proposed DTE-PDN-based low-dose multi-energy CT denoising method
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Fig. 2 Structure diagram of the dual-stream Transformer
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Fig. 3 Loss convergence curves on simulation dataset
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Fig. 4 Comparison of denoising effects of abdomen slice from different methods
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Fig. 5 Comparison of denoising effects of chest slice from different methods
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F 1 NFEIEE SR 8 5 & L8
Table 1 Evaluation index of abdomen slice test results from different methods
Energy /keV Index RICCS-S1!  RED-CNN' DRN" TransCT"™ DTE-PDN
PSNR /dB 33.9413 36.4773 37.0067 37.5022 37. 8992
20-80 SSIM 0.9692 0.9852 0.9893 0. 9950 0. 9958
FSIM 0.9214 0.9515 0.9742 0.9963 0. 9972
PSNR /dB 34. 3815 37.7927 38.0993 38.9681 39. 2680
80-100 SSIM 0.9703 0. 9883 0.9891 0. 9975 0.9964
FSIM 0.9257 0.9543 0. 9760 0.9969 0. 9976
PSNR /dB 35.0164 38.7362 39.0957 39.5153 39. 6702
100-120 SSIM 0. 9755 0.9901 0.9933 0.9975 0. 9977
FSIM 0.9248 0.9556 0.9770 0.9971 0.9971
2 AFEEE U R e A A % LA A
Table 2 Evaluation index of chest slice test results from different methods
Energy /keV Index RICCS-SI'™  RED-CNN'™! DRN" TransCT"™ DTE-PDN

PSNR /dB 34.8861 36.9783 37.3461 37.5323 37.7301
20-80 SSIM 0.9720 0.9873 0.9895 0.9927 0.9944
FSIM 0.9311 0. 9550 0.9762 0. 9977 0.9976
PSNR /dB 36.4913 38.2874 38.6820 39.6757 39. 7969
80-100 SSIM 0.9767 0.9892 0.9912 0.9956 0. 9961
FSIM 0.9368 0.9568 0.9774 0.9977 0. 9981
PSNR /dB 37.3751 39.2031 39. 6868 39.8529 39. 8615
100-120 SSIM 0.9793 0. 9906 0.9931 0.9981 0. 9984
FSIM 0.9325 0. 9566 0.9771 0.9983 0. 9984

J7 35 Ab P2 B PSNR A #& - T 2. 4864 dB UL |,
SSIM{E #£ 7+ T 0.0191 LA I, FSIM fE# F+ T 0. 0613
PL b o AET DRN 7k, 4 07 $2 05 1k Ak B A% 1E 38 Y
F 45 e & X R {E B B 3 KR PSNRE T T
0.1747 dB LA I, SSIM {H #& J+ T 0. 0044 L) I, FSIM
EHF+ T 0.0201 LA b, Ui B DRN J5 3% 84K 0T DL i
PREPEBEZHAEAREGE KB NWRIERFE ., |
X R B A0 R A RN S5 A B 1R B BE TR R R
FE o 2 v SR ) R I AR A R 6 4% PE M 48 A E
T LR g, FZ U 5 kAR AR R A A LR T
DL R0 BE o 22 5 52 B0 D 0 0 A0 T A A (il
P A% EL AT B OINOE OMORO AN W AR AE . BT R O LS
TransCT J7 32 M3 25 52 09 45 P 48 dp AR 5 2T, R B
BT 88 7 i ok 0 6 Gs 0 2 Sk A T R ) 45 R AE B AR

o £ A5 78 3 55 1 1) () sk BOAS 5 IR 7 AL Transformer
LA AH T Y L AR

T 2 A B 4% O 1k I A S b M
ARSI 43 59| 35 RN S R0 B 80 R v A Sk S S A
S RO I 5303 DX 3 9 09 349 {8 5 4 o 22, T 6 BT
ROTTE & 4 FI5 5 43 545 13 8 ROT A MTROT B, 45 2R
Wk 3 s il Ak 3 s Al B i i DTE-PDN
T 0 45 R A o 2 B A, 10 B 4 i iy vk Ak B Y
52 B i A 1 C'T RGO L = A ik BoAT SR Y
Ma K. SR AR % fk Transformer 25 #4414 TransCT
O7 155 B A Oy 1k T AR 25 Ry 25 A I U B B R B T
WizBZLAFE NG WA EIERE L
Transformer 45 4 A i /9 22 MR RO, i — 2D UEW] T fr
Tk AE Z e CT B Fs W LB 5 T 1 PR g -

23 RFEI LA R RO 5 b 22 4] 1
Table 3 Comparison of the mean and standard deviation among ROIs in test results from different methods
ROI  Energy /keV RICCS-ST1™ RED-CNN"" DRN™ TransCT™" DTE-PDN

20-80 0.2020=0. 0042 0.2021+0.0030 0.2022+0. 0027 0.2024=0.0019 0.2028=%0. 0017
ROT A 80-100 0.1771£0. 0034 0.1769+0. 0023 0.1770+£0. 0020 0.1773%0. 0015 0.1770£0. 0015
100-120 0.1672=+0. 0030 0.1665+0. 0021 0.1680+0.0018 0.1678+0. 0014 0.1677%0.0013
20-80 0.2116+0. 0043 0.2116+0. 0031 0.2115+0. 0032 0.2116=%0. 0028 0.2117%0. 0028
ROIB 80-100 0.1829=0. 0036 0.1826+0.0027 0.1827+0. 0026 0.1830=0. 0023 0. 182910. 0022
100-120 0.1728=0. 0033 0.1728+0. 0026 0.1731+0. 0024 0.1732=+0. 0021 0. 1730=%0. 0020
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i 1% (1 455 70 (1% 25 MR 8 ) 0F — 2 R T, PSNR A Hb i
— Transformer 45 4 J7 £ #& #+ 7 0.0763 dB DL I+,
SSIM {H 427+ 7 0.0021 LA |, FSIM {8 42 7} T 0. 0045
PL o DTE-PDN R 9 5% 25 45 ¥4 A Bl F ol 35 ) 26 5
R I e B, (R A7 FLA TR A L 38 4 TP S SR
WA T FaR W . S5AEFR 22450 Jr A H, 5k 22
2 K6 B A 0 B B 9 PSNR B2 TF 7 0. 0719 dB
DL b, SSIME#:F T 0.0032 4 |, FSIM{E#: F+ T
0.0019 LA Lot e T 1, Jr 42 77 3585 XU Transformer
S5 5 5k 25 SE AR S A HLA R I RS

h T ik — 2 WSRO pR A 43 X R R (1) AR

3.3

£ 6155 8H/2024 F4 A/BAENRBEFEHE
FHACHR 2R F A W R 9 A R 41 & 2k Il DTE-PDN
B, I 20~80 ke V 1 i B U] F v Bifi AL 358 B % 52
BAE R ROL WA 6(a) bRtk frm o B 6(b) s T
ASTRIAR 2 oR B2 B I 205 21 0 0 3t 45 SR A i 3 i 4%
FERME W AR AL, B 6(b) Rl T LU H
{1 Huber 5 ¢ Y1l 25 i 0 38 25 5L 5 F S 0, 78 30 & 38
D7 5 hREE A 22 38K o A R AR S 48 2R 5, 0
rh AR ST 0 A SRS A RRE A A B DN | 1 B AR AR SR
LR I 25 T 58 FHBL BT 40 1 REAE A B B Uk
PE ARZE DN MR SR 2285 FACRIEA R .
X T Huber $ 28 5 HE Jay 3 4= A48 43 458 2% 20 G I 25 1 A
R PG SR A0 B I B R S AR U i e A
A TR R AE A S RE L T R R
14 33k B - W T S B0 I SN I SE ) 8. i Huber #
e R SRR R R AR JR 4 AR A 41 2R A B A TR B
I BRI I SR AR TR ] DL AR A5 e 42 30 A 28 EIAZ i) Ak B K
UL % pR AR AT o DL B R PE eIk B T 344 E
BT XA G o AR R R BT &

F 4 DTE-PDN AR rfA [R5 P 20 5 (4 1 S8 A0 1010 3k 25 2R 2 LA b

Table 4 Evaluation index of abdomen and chest slices from DTE-PDN with different combination of blocks

20-80 keV 80-100 keV 100-120 keV
. Residual
Slice STU LTU PSNR / PSNR / PSNR /
structure SSIM FSIM SSIM FSIM SSIM FSIM
N 37.4853  0.9871 0.9796 38.8544 0.9847 0.9803 39.1781 0.9855 0.9814
Abd N 37.4965 0.9872 0.9908 38.9568 0.9879 0.9856 39.2517 0.9867 0.9823
omen
N N 37.6030 0.9922 0.9953 39.1961 0.9931 0.9939 39.5180 0.9919 0.9948
N J NG 37.8992  0.9964 0.9972 39.2680 0.9964 0.9972 39.6702 0.9977 0.9971
N 37.3112  0.9861 0.9788 39.0217 0.9876 0.9790 39.1171 0.9873 0.9819
1 N 37.4083 0.9873 0.9854 39.1445 0.9908 0.9835 39.2718 0.9895 0.9831
Chest
N N 37.4846  0.9907 0.9952 39.6001 0.9929 0.9953 39.6792 0.9923 0.9954
N N N/ 37.7301  0.9944 0.9976 39.7969 0.9961 0.9981 39.8615 0.9984 0.9984
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Fig. 6 Ablation experiment results of different loss function combinations. (a) Selected projection path; (b) linear attenuation coefficient curves
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Fig. 7 Curves of the evaluation index of the chest slice

processed by DTE-PDN trained by the hybrid loss with

different weight combinations
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