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o oF
R
=S A AFAAY (unrolled network) & Ab&-3slol]l o] FUd mwele] QAFANAY vEE AMESl= AT
dolgh mule] IFAALS AMgsE Ao FrE AL AdgHoz HAFSUTE o volrl, HAZ JAFAHE YL
shute] QA Ao R Z3elr] flete], WAikst @S e B IE XFEE AR FHY A8 ES
Aeretglon, o= M CT G EdoA A AAFEY 53 458 BAdS &3t
I' }\1 E FBP
B (=)
X A &= #9 94 (X-ray computed tomography;
X-ray CT) B¥ x7] &9 A} (Magnetic Resonance @)
Imaging; MRD) ¢t &2 o8 9 dul= g5 doly Figure 1 (a) ¢AE %
(measurements) 2] =w|ol3} G4 do]H (1mages) 9] A 5 °151~— ’6}
ZwQle] M= Jfolgt B9 gt X- ray CT A9 .
A9, 85 dolge ZHRle] T Tl (DrO]eCtlon— FH deAdde o5 4
domain) ¢ ¥Fd, MRI FH|E= F34 Edel (k-space, Hlon wig g Gl
Fourier-domain) oA ©lo]g& FS53ht}, o) &, A+ BolFgint, Folnok, <l
=ojole] EAeH4 ke 85 dojEE oxp B4 @ ATS HeldRE AW 7Ho
Agd 5 9l F dolHE HdEay] 95k qug  AAMAE B AT B
AX2F (Inverse operation) & AF&3HC} 53], X-ray gagde HY AHess F
CT ¢ 3= r,q]o]chﬂ Eol oJAS olAto @ wlEEY) WEowA, A AFAAEE
e dFA A4 (Backprojection operator) 7F ATH1]. Figure 2 = 9%
g9t &R 9, Figure 1 (b) 9 o] = dlo|gl 7}t ATNATeS HolErh A%d <l
el 3] WA A9, 9FQ dabde] o) Heg  WEAH 59 el et
Qe Ae 94 b wAT S+ ogow, o WEY MU FAg Auan
A QS FAE TS AT Ll HH3 A AP EE D
Al AP GPe B gstel, AsHer WM FAME AT FHE 7]
CT Alz=Hle] 434 RS &8 0}04 A3 EAE
A Ast= Al 2d 7wk ¥HE A E29 (model-based
iterative reconstruction; MBIR) 0] 25 YA T
HHEA Q] CT Al=® AAitxs &83ithes HolA =3
5 £5E Zete gdo] qlth Figure2 BHZ 94 =HQ A4
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Figure 3 2 Al¢td JAFAATLe G5 et
olgalFel Fx= U-Net 9 FZF[3] ¢ dutstd
s w2, d¥y 2 Zyld uet HIss
T 9o drkx7 g2 Aeojdd. 71249 U-Net &
AREStE WAl Zol, dEY Zdle]l FYsivd
wesls T + &% 3 (identity function) =
Aold). SHA T, Alotsl= AFAA LS dE =
F9 THoly &8 Z=dQle 34 Zddo]r] uwlFe
My T & 959 AMAZ Aosiglvt
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(i)Ground Truth (i) FBP (10=1x10%)  (iii) MBIR (W\TV) (iv) 121-Net (v) P2P-Net (vi) Ours (P2I-Net)
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(i)Ground Truth (i) FBP (10=5x10°) (i) MBIR (W\TV) (iv) 121-Net (v) P2P-Net (vi ) Ours (P21-Net)

Figure 510 7} (a) 1x10° =& (b)5x105 Ql AA= CcT o 43

0gFe 7194 o3 Edd A3 2 EF 3T NRMSE/SSIM

o] A% U+
om 28

Figure 5 % D}"oh?} AXeg 3o g 5d 4945
HolFErh vk 59 7Pl MBIR 712 A% X-
ray source °ﬂ o] W t 3
AAGToZ ?léﬁ, X-ray CT 9742 d7vtA AAs AT

Sl [-Net ¥} P2P-Net & CT
Qe Afe RS WY olyeE, HY Fe=
MZESHA AABEA Edet, shATE, AtE AFA7EH e
7§-, transverse W M+ o}lu} sagittal ¥ coronal
HWol M= 71 Hojd Y& BofFQlr}. of9] Table
1 A & 5 %o, Zﬂ?l?} A327AE =221 P2l-
Net 2 peak signal to noise ratio (PSNR) ¥} structural
similarity index measure (SSIM) ¥} 72 thekslh A a2
H7F Aol dsted tE Y Z|HERU Hojd
S HojFt).

Table 1 Th¥3 A A% 3o w2 (a) PSNR 2 (b) SSIM 7]+

AZH Bt

(a) PSNR FBP MBIR 12I-Net P2P-Net P2[-Net
[dB] (768 views) (w/ TV) (I-dom.) (P-dom.) (Proposed)
1.0 x 10° 32.4398 39.2765 41.8375 41.1701 42.1107
2.5 x 10° 36.5052 40.9881 43.4600 43.0224 43.7103
5.0 x 10° 39.6209 41.8857 44.7531 44.4914 44.9922
1.0 x 108 42.6685 42.4006 45.9404 46.0930 46.4105
(b) SSIM FBP MBIR I2I-Net P2P-Net P2[-Net
(768 views) W/ TV) (I-dom.) (P-dom.) (Proposed)

1.0 x 10° 0.8804 0.9803 0.9876 0.9854 0.9882

2.5 x 10° 0.9448 0.9851 0.9907 0.9896 0.9912

5.0 x 10° 0.9713 0.9857 0.9927 0.9921 0.9931

1.0 x 108 0.9854 0.9867 0.9945 0.9943 0.9948
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