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Abstract Without unrolling the prior terms, most unrolling approaches for Computed Tomography (CT)
reconstruction primarily unroll the fidelity term of iterative reconstruction methods to neural networks, which may
reduce the computational efficiency of the reconstruction network. To overcome this drawback, a new CT
reconstruction network is formed by unrolling a CT iterative reconstruction algorithm based on total variation,
especially for the unfoldment of the total variation prior. The unfoldment of the prior improves the visual quality of
CT reconstructed images. Firstly, the primal-dual algorithm is utilized to solve the CT reconstruction problem
based on the total variation prior, to obtain an iterative reconstruction algorithm which can be easily unrolled to the
neural network. Then, the unrolling approach for CT reconstruction is obtained by unrolling this iterative
reconstruction algorithm. The effectiveness of the proposed algorithm is tested on a simulated low dose CT dataset.
The experimental results show that, compared with six kinds of low-dose CT reconstruction algorithms, the new
algorithm effectively preserves the structure and texture details of the image while removing noise in low-dose CT
images. The quantitative analysis shows that the proposed algorithm scored the highest PSNR and the lowest
NMSE, which indicates that the proposed algorithm is good at noise suppression in the low-dose CT
reconstruction.

Key words computed tomography reconstruction; total variation; neural network; unrolling approach;
primal-dual algorithm
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a. FBP b. REDCNN ¢.LPD d. Air-Net
e. FISTA-Net f. PD-Net g. TV-CTNet
B 10 ANEEEITVEE 5% 78 Tk ZE G
F£3 5% FETARERELTEERNEEITNER
~ Hik

SEMNFE
R FBP REDCNN LPD Air-Net FISTA-Net PD-Net TV-CTNet

PSNR  14.004 6:0.6856 32.891 5:0.8240 33277 612278 32.689940.823 7 32.9173+0.8055 34546 0:12544 34.926 120.970 6

SSIM 0195200106  0.7888+0.0269  0.7770:0.0339  0.766 5£0.0270  0.786 1£0.027 1  0.8450+0.0276  0.841 3£0.027 1

NMSE 0.928 5+0.241 7 0.011 8+0.002 5 0.011 2+0.004 2

0.012 5+0.003 3

0.011 8+0.002 6 0.008 1+0.001 8 0.007 4+0.001 6
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TEIG R SE B, F3 772 7T BEBE & 12 Wi B K 11
AT R A AT . B LDCT 53 P 2% 75 BT 1 R
A A 7 K BB AT I 4% )11 2%, I LDCT =
M LENG PR I B 2 0k 2 RagEPE . N T I
AL TV-CTNet H LR g, KA 10% 57 &3
P I 25 AR B I XA [A) 1) &K (5% A1 15%)
N LDCT Ea bR, i 11 fros, o ROT N
P E R R 12 frs. [FIES, #HEEEGHM ROL
G ) R S SR fE A% (PSNR. SSIM A1 NMSE)
AR N G R 7. R 1 FE 129, AR
TV-CTNet 3% 5l 5 FBP Ml LPD #3477t
o MWEHTATLAE H, FBP &y 5 i 45 1 Mo i
A PR R RN EAEZ (K 11b1~K 11b3

cl. 5% 7l

d1. 5% 7=, TV-CTNet d2. 10% 7, TV-CTNet d3. 15% &, TV-CTNet

I 12b1~K 12b3) . LPD %% 54 TV-CTNet
SRR AR IR (AR A I SR e 9%, AL AR
A2 X 28 SR A AR I B e, ARG 2 DU 3k
ITHBH RS, BEOR 2 FREe A BR B4k
Bz (E11cl~E 11e3 FE 12¢1~K 12¢3) . 5LPD
FOEAH, ASCHRH TV-CTNet Bk BB EK T
UGS, BT AR R S B R
R (& 11d1~1& 11d3 fTE 12d1~K] 12d3) .
HREEGHEESIT WML 4R, NEKATTLE
H, BEEFFE RN, TV-CTNet 5k {5 H
BEG TR EIFM RSB ET R E . LIRS R R
By, TV-CTNet &% 0] LM S ZREE 5 52 504 70 A
WA [F) e A0 Hh AR B B R A W e A
R, B E B TV-CTNet 5% B —E Mt

BT SR 10% 7105 R IR TS AR 23 e AN ) 77 o b AT B g i 4 PRI 4R
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53 %

a. ZEEIG

d1. 5% 7%, TV-CTNet

d2. 10% 7, TV-CTNet d3. 15% 7, TV-CTNet

K12 AEEREEEITES AR 11 RO A KEE

R4 KA 10% FIETNERSRES AT EFERRERERNEEDN

) 5% & 10%37 & 15%3f &
Bk PSNR SSIM NMSE PSNR SSIM NMSE PSNR SSIM NMSE
FBP 14.004 6 0.1952 0.928 5 14.489 5 0.2249 0.8349 14.662 3 0.238 4 0.802 3
LPD 32.260 6 0.745 5 0.0139 33.5149 0.793 1 0.0105 33.698 2 0.783 8 0.009 9
TV-CTNet 34.7350 0.8355 0.007 7 35.4752 0.852 2 0.006 5 35.609 1 0.853 0 0.006 3

3.5 ERRSCIS

N T B AR IE AR I 7 1 AR AN TR 4 48 ) 4% A
Xf TV-CTNet FyEPERERISZ M, FIE T 4 FhE @M
YRATIY A S2EG, Bl Net 1. Net 2. Net 3 F1 Net 4.
F S EEHTASIR E R 245 R TR A ) 4 ) 4% A
P, Horp “x” RORAR K G 45 1 H B ik AR
HEFIABE RS E, N BRRAWA
) 285 A5 Bl 5 6 KH B AR B ) TH BB IR . TE 15% R
PRI EREE T, XA ) 2 5 X 2% (1 1 R kAT 77 5K

KrSt. P13 23l ga 7 A R B % T B A
Ko WK 13 AT LA R, B aE R AL &
It A 22 X A B ) S I T R 5 . AN R EL
AP RARKPFIEIRER 5 h iR, HEESR
FORL DL S5 B — 20, SR b 2 X 2% A L s A L i
Sk A AR BT HOD RIS TV-CTNet 5%
WS T RAERIPPO FEAR . R R SE IR P SE AR 45 R 4G
U 1R A2 X 2 B s U A AR BT
SOL BRI R

RS HMXEPNTEEEZNERSHEERNEEST

) M 4% LN
LS CNN,, CNN, CNN, CNN; PSNR SSIM NMSE
Net 1 x x x x 19.002 9+0.922 4 0.446 8+0.019 0 0.295 2+0.084 4
Net 2 N x x x 27.971 8+1.168 3 0.643 5+0.025 1 0.038 6+0.014 2
Net 3 v \/ x 30.283 4+1.419 1 0.714 6+0.026 6 0.023 8+0.010 8
Net 4 \ N v x 34.274 4+1.146 6 0.809 4+0.023 6 0.008 9+0.003 2
TV-CTNet \ \ R 35.788 00.959 4 0.863 2+0.024 0 0.006 1+0.001 4
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