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Table 1 The structure and parameters of FCPRN
Layers Out Dimension

Input 3

3X 3 Convolution 48
PR-blocks(8 layers) +TD(2 layers) 64
PR-blocks(8 layers) +TD(2 layers) 80
PR-blocks (8 layers) +TD(2 layers) 96
PR-blocks (8 layers) +TD(2 layers) 112
PR-blocks (8 layers) 112
PR-blocks (8 layers) 112
TU+PR-blocks (8 layers) 96
TU+PR-blocks (8 layers) 80
TU+PR-blocks (8 layers) 64
TU+PR-blocks (8 layers) 48

3 X 3Convolution 3

X-ray source

Scanned mouse

2 il CTRBREXWE
Fig. 2 Spectral CT system based on photon-counting detector
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Fig. 3 Reconstructed spectral CT images of the six
energy ranges at one position
The energy ranges from (a) to (f) are 25~90, 30~90, 35~90, 40
~90, 45~90 and 50 ~90 keV; The noise in reconstructed spectral

CT images of different energy ranges are distinct

4 ATEERE—VERIL CT BGREHIER
(a)— (D REEETE B4 3 R 25~90, 30~90, 35~90, 40~90, 45~90
1 50~90 keV

Fig. 4 Reference images of the six energy ranges at one position
The energy ranges from (a) to (f) are 25~90, 30~90, 35~90,
40~90, 45~90 and 50~90 keV
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MSE), {#i ] Adam (adaptive moment estimation) 25 ¥ #1741
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DNCNN FI REDCNN #8444 th (19 68 38 CT & 4R 1y M 75 47 XF
B @ . FCPRN A [ 45 rb Wk B 1) 300 1 R B d iy i ]
DU W7 A SCH 9 FCPRN A5 B 07 i B M MR R . Oy 17 B8 7
SN PR Y, FRATTOR 7 B M S TR AR 0 3 4 X3, an [
6 /R, m LA . FCPRN Ay % M 1 fE 4L F DNCNN A
REDCNN, FCPRN #i i 5 o AN [7) 47 25 22 [) 19 %o L JBE AR X
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T S A AS [T P 2% 1 e M PR R otk b 3 AR B e e
P15 5 0 2 AR 2Z 18] 09 AR AL PE 2 8000 #5975 R i3 22 (root mean
squared error, RMSE) ., I&{H (%1 Lt (peak signal to noise ra-
tio, PSNR) 145 #4 #5 &l B (structural similarity, SSIM) #f 47
AP LG o Y ZRARAY P i i R 5 A 2 KR ) RMSE 7T DL R 28

Original

6 =M &% 3 A6 e 25 B
S — I IR R . 55 =50 U LR 0 5 X0 I . 55 =41 245 105125 DNCNN, REDCNN FI FCPRN i [ W [ {5 156 52 DX SRR ] 5
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Fig. 6 Details of denoising based on DNCNN, REDCNN and FCPRN in the three energy bins (25~90, 35~90 and 45~90 keV)
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Fig. 5 Denoising results of DNCNN, REDCNN and FCPRN in
three energy bins (25~90, 35~90 and 45~90 keV)
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Table 2 Quantitative results of different networks

Energy/keV Networks RMSE PSNR SSIM
DNCNN 0.008 3 41.6631 0.9801
25~90 REDCNN 0.007 6 42.4223  0.995 3
FCPRN 0.006 3 44.0881 0.996 7
DNCNN 0. 007 6 42.412 3 0.992 7
30~90 REDCNN 0.007 2 42.915 9 0.992 9
FCPRN 0.0059 44.576 8 0.993 2
DNCNN 0.007 5 42.541 2 0.979 3
35~90 REDCNN 0.007 1 42.943 4 0.992 7
FCPRN 0.006 0 44.428 7 0.993 1
DNCNN 0.007 6 42.3934 0.9797
40~90 REDCNN 0.007 3 42.743 8  0.992 3
FCPRN 0.006 1 44.212 3 0.995 7
DNCNN 0.007 8 42.1802 0.979 8
45~90 REDCNN 0.007 5 42.4977 0.9835
FCPRN 0.006 4  43.9295 0.992 4
DNCNN 0.008 4 41.5359 0.964 2
50~90 REDCNN 0.0081 41.8029 0.9831
FCPRN 0.007 1 43.035 6 0.990 0

B S A R TR B B BT A AR B AR L S BT S
T R e ) S e A5 Y 1 A R SR . AT FCPRN it 13 5
b &k 45 2 [8] () PSNR {5 A1 SSIM {H %5 T H: At ¥ 2% . RMSE
AR T HAB M4, X % B FCPRN #9 [ I BE %5 T DNCNN
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Research on Spectral CT Image Denoising Via Fully Convolution Pyramid
Residual Network

REN Xuezhi', HE Peng' ?*, LONG Zourong', GUO Xiao-dong', AN Kang®, LU Xiao-jie! , WEI Biao' ?, FENG Peng' **

1. Key Laboratory of Optoelectronics Technology &. System (Chongqing University), Ministry of Education, Chongging
400044, China

2. ICT-NDT Engineering Research Center (Chongqing University), Ministry of Education, Chongging 400044, China

Abstract Traditional computed tomography (CT) uses an integral detector to collect projection, which reflects the average
attenuation characteristics of the object and causes the loss of attenuation characteristics to some extent, so it cannot measure the
object qualitatively and quantitatively. The spectral CT based on photon-counting detectors can collect the incident photons in
different energy ranges by setting several energy thresholds to collect more material composition information of measured
objects, which is helpful to identify materials with different physical characteristics, so the spectral CT is widely used in imaging
of small lesions, low contrast structures and fine structures. However, dividing the whole energy spectrum into several energy
segments for data acquisition will lead to the relatively reduced proportion of effective photons, resulting in more noise in the
image and affecting the clinical application of energy spectrum CT. To effectively suppress the noise in different energy segments
of spectral CT image, we propose an image denoising method basedondeeplearning. We combine the full convolution network and
the residual pyramid network into the full convolution pyramid residual network (FCPRN). Our study. scanned a mouse
specimen with spectral CT based on photon-counting detector and used the FDK algorithm and Split-Bregman algorithm for
reconstruction to obtain training data and labeled data, respectively. Then we use the data set to train our network for image
denoising. To verify our network’s performance. we selected the common denoising networks. denoising convolutional neural
networks(DNCNN) and residual encoder-decoder convolutional neural network(REDCNN) for comparison, and the training data
and experimental configuration of the three networks are identical. Experimental results demonstrated that the proposed method
could reduce the noise of spectral CT images in different energy ranges,and the performance of FCPRN is better than that of
other neural networks discussed in this paper for denoising. When the model is trained, the image reconstructed by the FDK
algorithm can be processed quickly via the model to improve the denoising efficiency and ensure the reconstructed image’s quality

of spectral CT.
Keywords Spectral CT; Image Denoising; Deep learning; Photon-counting detector
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