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Abstract: When performing single-photon emission computed tomography (SPECT) bone imaging exami-
nation, physicians often reduce radiation damage by reducing radiation dose, resulting in low signal-to-
noise ratio and resolution of bone imaging, which seriously affects the diagnosis and automatic detection
of lesions. In order to improve the quality of bone imaging,a two-stage SPECT bone imaging noise re-
duction method based on U-Net is proposed. Firstly,a U-Net noise estimation network is designed to
quickly estimate the noise level of each bone image, providing noise prior knowledge for the backbone
noise reduction network. Secondly,the backbone noise reduction network also uses U-Net as the basic
framework,and combines multi-scale feature fusion and channel-spatial attention mechanism structure to
enhance the noise feature extraction ability of the network and predict the noise map. Finally, denoised
bone imaging is obtained through residual learning. At the same time,in order to solve the problem that
the reconstructed image using the mean square error (MISE) loss function is too smooth,a composite loss

function is designed to retain the original detailed information of bone imaging. In the experiments, differ-
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ent noise levels are applied to the bone images in the training set for data augmentation,and a transfer

strategy is used to solve the problem of model overfitting. The results show that,compared with the cur-

rent mainstream algorithms, the proposed noise reduction method can effectively reduce the noise of bone

imaging and preserve the detailed features of the lesions. In addition, blind noise reduction can improve

the imaging quality of the original bone imaging and improve the automatic segmentation effect of le-

sions.
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Fig. 1 Flow chart of noise reduction algorithm for bone imaging
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Fig. 2 Overall framework of noise reduction model: (a) Noise estimation network; (b) Backbone noise reduction network
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/ X 22.1 0.66
Mini Imagenet N 29.8 0.83
Mayo N 30.5 0.85
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Fig. 8 Noise picture comparison

2.3.2 KN R TR

J 43 B A SCRF 3T 9 RDC block ., RCAG ., MD,
CF block 4 Fifide X 3 1 B M I 45 (O VE I8 T —
LI S g, ol R A v Y R AR R AT U
R, MRS RT3 PSNR F SSIM W& 4 fF
e ATLAE 4 ASBTHO 3 T R N 45 1 e 2 R
FHE . Hh ,RDC block i o %% £ 5% 2% % 45 )7 X &
SR AR R AR AR B e T A B 28 I 45 B 1)
2 5 H5CHE T R BON R LT R R R, CA B — 2
$£ 1 T RDC bleok FRAEF FHAL % . MD R H £
JRUBE 2 I 25 B B 7 IR Sz WY L LA A 2 o BT
R B RME AARAE . RCAG 1R —Fh U A
1038 T8 — 23 (8] 7 B 0 450 RE WS X A B R AE 1Y
23 [6) 30 3 {7 B E AT BCEE JR L M E AR S R
AL AR . CF block ¥ 2 REL5H 5 CA Bk
PATEE G R AL A T AR RS 2 B R AR R
P RSN NTTE T 1 3

R4 BHBRPRI L

Tab.4 Comparison of the effects of improved modules

Modules PSNR SSIM

/ 26.95 0.77

RDC block 27.55 0. 80

RDC block + MD 28.77 0.82
RDC block + MD + RCAG 29. 80 0. 85

RDC block + MD + RCAG + CF block 30.72 0. 86
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Tab.5 Performance comparison of loss function

Loss function PSNR SSIM
Lo 31.3344 0.8456
Lo 19,1844 0.5013
Ly 30.1902 0.8360
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Fig. 9 Comparison of noise reduction effect
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Tab. 6 Noise evaluation effect of different algorithms

Noise level HBNE DWTNE Ours
Estimation RMSE  Estimation RMSE  Estimation RMSE
5 4.78 0.32 4.98 0.18 5.05 0.22
10 9.52 0.74 10. 21 0.38 9.90 0.32
15 16. 21 0.52 16. 21 0.62 15.15 0.39
20 22.04 0.91 21.17 0.59 20. 20 0.78
25 23.82 1.08 23.97 0. 87 25.05 0.81
30 28.29 1. 96 29.01 1. 30 30. 30 0.95
35 38. 81 2.07 33.21 1.79 35.40 0.77
40 42. 83 2.19 42.09 2.01 40. 10 1. 10
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Tab.7 Comparison of noise reduction effect of model

Noise-level (o)

Model
5 10 15 20 25 30 35 40

Noisy picture 29.36/0.85 27.72/0.78 24.34/0.71 21.92/0.65 20.02/0.60 18.46/0.56 17.15/0.52 16.01/0.49
BM3D 29.93/0.78 28.68/0.70 25.90/0.65 21.87/0.60 20.26/0.56 18.95/0.53 17.84/0.51 17.37/0.56
DnCNN 31.55/0.87 31.03/0.86 30.15/0.83 29.66/0.82 28.37/0.79 27.02/0.77 25.86/0.74 24.62/0.71
RED-CNN 32.11/0.90 33.96/0.92 33.01/0.90 31.60/0.87 29.65/0.83 28.21/0.80 25.99/0.77 24.49/0.73
WGAN 30.23/0.87 31.43/0.85 29.75/0.82 28.30/0.79 26.99/0.76 25.88/0.69 24.74/0.69 23.05/0.66
EMANet(Ours) 32.91/0.88 30.95/0.84 29.16/0.83 29.43/0.83 31.33/0.85 31.92/0.85 32.44/0.86 31.51/0.85
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Fig. 12 Comparison of blind noise reduction effect
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Tab.8 Effect of automatic segmentation of lesions

Method Precision IoU Recall
Original 0.7255 0.4982 0.5994
BM3D 0.6701 0.4593 0.5933
DnCNN 0.7342 0.5057 0.6240
RED-CNN 0.7388 0.4979 0.6086
WGAN 0.7363 0.5017 0.6053
EMANet 0.7484 0.5112 0.6229
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