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2.3 KWiIFE
AL XF T NeCNN LT R 45 DnCNN!/™ R =
Yk BT e 38 B (BM3D) B3k Ry e g R . R
MSE K 25 k6 A AL BE (SSIM)AE Ay 9 45 11 25 s} 1) 61 2% pRi
B (Loss) , H H Y J2 3 00 4 J5 5 530 14 B A At -
Low= Mgz + Mg+ £ X S, (9)
S s Mg S W 75 0 A T P90 4% i ) I 7 ) A 1
5 HE R 2 JE] B 2 O TR 25 5 Mg, SRy 25 W 3 I 4% B
EHER 5 2 2% BG 0 X Jr iR 25 5 Sen A 25 W 5 90 2 i 1
EHE 5 2 2% AR Z (A i 45 ¥ AU . MSE i & 4 it
FRAE , R 2% 18 N R 0 80 AR v, R I AR SC S 35 % MISE
ZH A SSIM 1E it 2k R L . 280t Z IR ELSE B0 v 15, &

Be—0. 2 BA B4 IR
MSE it 5 RE XN
M _iifg( T — Vi Yo
SSIM P-4 5 b B A HR 119 00 5 8% 0 e M 43 o 52 8 X
Fb B 525005 B =3 ar IR B AR ZS AR, H
W)

(10)

Sau=1(x,y)X c(x,y)Xs(x,y), (11)
X 5yl RGFMEBR S S % EAR;(x,y).
cCa, y)Hs (e, y) 43 5O EUSR AY 58 B2 AR B A BEAR B
a5 B AT, T s

2034001-3



£ 43 % F 20 H1/2023 £ 10 B/ RFFHR

2/1.1 Hy + Cl

Nz, y)=————, (12)
J wtpi+C
20.0,+ C,
(z,y)=—F/"""F—, (13)
i ol +o+C,
201-y+ Cg
slr,y)=——————, 14
(e y) 0}0'y+ Cs (D

K p, g 0,00, 0, 50 RN ER S 525 BE R Y
.2 20 .C, C. ¥ 0 IEH BUH F B ki1 5
Ko RE

S5 A07 FH BY) 4 B2 18 75 0 Python 3. 6, NeCNN % T
Pytorchl. 7.0 52 8L , 8 {1 °F- 5 i & 4 : Intel i5-9600kf
CPU, Nvidia TITAN V (12 GB/Nvidia) GPU, 16 G
DDR4 RAM. I Zrad B2 )5 18 S50 % 1 s .
2.4 HIEE

AR S5 I RO i Geantd B4 1 B AR 345
Geantd J& — 3K A8 % XF S A b, 73 3 I 5 9 & B R
NP A A AT 5 A R RN 3l SR R R R
FLRE 0% 1 1 b (5 B BT AE R AR AT RL T S

photon counting detector
N1

#1 NeCNN#ZH
Table 1 NeCNN hyperparameters

Hyperparameter Value
Kernel size 3X3
Resolution 420X 560
Num epoch 30

Layer 17
Learning rate 0.001
Optimizer Adam

Batch size 8
Activation function RelLU
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Fig. 3 Setup of XFCT imaging system
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Fig. 4 Two kinds of phantoms. (a) Physical object of PMMA phantom; (b) phantom 1: phantom with high mass fraction; (¢) phantom

2: phantom with low mass fraction
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Table 2 Dataset parameter settings

Phantom Air phantom  PMMA phantom
Image number 400 100
Format .jpg .pg
Resolution 420X 560 420X 560
Number of training set 320 80
Number of test set 80 20
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Fig. 5 XFCT images from simulation. (a) Noise image; (b) standard image (clean image)
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Table 3 DnCNN parameters

Parameter Value
Kernel size 3X3
Resolution 420X 560
Num epoch 30
Layer 17
Learning rate 0.001
Optimizer Adam
Batch size 8
Activation function RelLU
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Table 4 BM3D parameters

Parameter Value
Size of block 20X 20

Number of max matching block 16
Threshold of block-wise similarity (step 1) 250000

Threshold of block-wise similarity (step 2) 3600
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Fig. 6 Denoising results under different noise levels. (a), (e), (i) are original images (testing images), and ¢,=14. 0525, ¢,=20. 7962,
and 6,=31.7817; (b), (1), (j) are denoising images of NeCNN; (c¢), (g), (k) are denoising images of DnCNN; (d), (h), (1) are
denoising images of BM3D
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Table 5 Comparison of denoising results with different
algorithms
PSNR /dB SSIM
Original image 27.75589 0. 76805
NeCNN 29.01558 0.95066
DnCNN 28.77565 0.92332
BM3D 28.39545 0. 80807
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Fig. 7 Denoising result of PMMA phantom. (a) Testing image; (b) denoising image of NeCNN
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Table 6 Denoising results of PMMA phantom

PSNR /dB SSIM
Original Image 30.65151 0.93161
NeCNN 32.00803 0.95843
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Fig. 8 Profile of pixel value distribution with different denoising algorithms. (a) Noise image; (b) denoising image of BM3D; (c)

denoising image of NeCNN
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Abstract

Objective X-ray fluorescence CT (XFCT) is a novel imaging modality that combines X-ray CT with X-ray fluorescence
analysis (XRFA) and can be employed to probe the distribution and concentration of functionalized gold nanoparticles inside
the tumor. It has good potential in the diagnosis and treatment of early-stage cancers. How to suppress Compton
scattering noise for XFCT imaging is a current hotspot. Traditional denoising methods include the background fitting
method, scanning phase subtraction, and iterative denoising method. Deep learning-based denoising and reconstruction
methods can utilize the powerful feature learning ability of deep learning without priori information such as parameters of

imaging systems, which can effectively reduce the background noise and obtain sound imaging quality.

Methods We propose an XFCT denoising algorithm based on noise level estimation and convolutional neural networks
(NeCNN), which consists of noise estimation subnetworks and main denoising networks (Fig. 2). The estimated
subnetwork estimates the noise level and reduces the preliminary noise through the denoising convolutional neural network
(DnCNN). The estimated results are input into the fully convolutional neural network (FCN) and the output is adopted to
learn the Compton scattering distribution. Meanwhile, as the FCN integrates a deconvolution module, the denoising and
reconstruction of end-to-end fluorescence CT images can be directly achieved. We utilize the air-loaded phantoms for pre-
training, while the related parameters are transferred into the PMMA phantoms to simulate the human tissue and achieve
faster convergence. This two-level network structure is not a simple cascade, and the input-output and hyper parameter
settings between two-level networks are linked to each other. With preliminary noise level estimation and input into the
secondary network as priori information, there is a superior denoising effect compared with a single denoising network.
Additionally, the mean square error (MSE) and structure similarity (SSIM) are employed as the loss function to get the

local and global optimal solutions.

Results and discussions The imaging system contains an X-ray source, a phantom to be measured, two sets of pinhole
collimators, and two sets of fluorescence detectors (Fig. 1). The distances between the fan beam X-ray source and the
phantom center, between the pinhole collimator and the phantom, and between the detector and pinhole collimator are
15, 5, and 5 cm respectively. The detector consists of 55 X 185 cadmium telluride (CdTe) detector units with an
energy resolution of 0.5 keV, and the crystal size is designed to be 0. 3 mm 0.3 mm. The datasets are obtained with
Geant4 software by scanning air phantom and PMMA phantom in which various metal nanoparticles (Au, Bi, Ru, Gd)
are filled, and different incident X-ray intensities are set to simulate different noise levels and enhance the model’s
generalization ability. The imaging phantom is set as a cylinder with a diameter of 3 mm and a height of 5 cm, and the
settings of element concentration are divided into two types, including high mass fraction versus low mass fraction,
where high mass fraction includes 0.2%, 0.4%, 0.6%, 0.8%, 1.0%, and 1.2%, and low mass fraction includes
0.1%, 0.12%, 0.14%, 0.16%, 0.18%, and 0.2%. The programming language is Python 3.6 and the NeCNN is
implemented based on Pytorch 1.7.0. Meanwhile, the hardware platform is configured as Intel 15-9600kf CPU,
NVIDIA Titan V (12 GB/NVIDIA) GPU, and 16 G DDR4 RAM. The hyper parameters are shown in Table 1. Figure
6 shows the denoised images with NeCNN, BM3D, and DnCNN algorithms. We can easily find that both NeCNN and
DnCNN can effectively reduce noise in the background region, which is difficult to handle for the BM3D algorithm.
Additionally, NeCNN is more effective than DnCNN in removing abnormal pixel spots caused by self-absorption in the
center region of interest (ROI). Generally, the proposed NeCNN is quantitively and qualitatively superior to the
traditional BM3D and DnCNN algorithms. The NeCNN algorithm has the largest PSNR (29.01558) and SSIM
(0. 95066) values. Compared with DnCNN, NeCNN shows an improvement of 0. 23993 and 0. 02734 in terms of PSNR
and SSIM respectively.

2034001-9



%43 % 5 20 #1/2023 £ 10 B/ RFZFR

Conclusions This sduty proposes a novel denoising algorithm for XFCT images based on deep learning to estimate the
Compton scattering noise level by noise estimation subnetworks and noise reduction by the denoising main network. The
experimental results show that for both air and PMMA phantoms, the PSNR and SSIM of images with NeCNN are both
higher than DnCNN and BM3D. This illustrates the effectiveness of the proposed algorithm and shows its potential to be

applied in practical imaging systems in the future.

Key words X-ray fluorescence computed tomography; Compton scattering; noise estimation; NeCNN network
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