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A Study on the Reconstruction Quality of Sparse-View CT
According to the Computation Domain of the Loss Function
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a1

ARFgow Qs s e dsirt HAYsHA Hr

EgAS 5 dolgHz Qg JAel dIE AA
e 1EHY J4s Bds] 6, AsHez md
7k wbEA 29 7| (Model-Based Iterative

Reconstruction; MBIR) o] &8 % it}

ShA| g, vbEA 29 viHe A9 X A @S #H 9
Al2=gle] e Al Tl AAAL (projection
operation) ¢ 9% A4kl (backprojection

operation) & WHEZH o2 A tsokgt sty

o
=

H =Fe A3 AES B85l SR CT (sparse-view CT) 9G4S HYEo] o], dutygoz A&5E 94 =dd
(image domain) oA £4g4E AxHY, F9 =¥l (projection domain) oA £A8 5 dstksls Aol HYU"E CT
Fde EFHo| gt AL ATEAUT. 6 yolrt, TdS tlolE AT IFAAY FRE VRNEeR S5
HAgANE B8k, £489 ik BrRlS 4 ErRlolA £ Tlo R WAsk= Ao RE dnks)
(generalization) FHollA S 53 Ao BT+ 25 gRlssint
A& stARE, T AAbAel 9F AR e
) = AxFo R 3te], 71 HY Agle] ZAAvr HdH
X A &5 #9 94 X-ray computed tomography; g7de] FHo] wjg HoluA] Xt
X-ray CT) & 1% 9 33)de] o5y &9 44 L AFAAY (artificial neural network) 7]&-2
% Shuoltt AR X A& E8ste #Y WAHoe= B EokoA 4% ABoR HoFa glow,
Ak FYE e AP 2 PSS B IA4EA oA gEPN HY EoIAE Hojd F7FS Hola gtk
WA 9% (radiation exposure) & ¥OXITHI]. °o]& Foug,  Jde3ddEs 28 dRdY 54
Azt f8, B ATAES YA AEFFS FY dugFe 5 57 mEdE EFsta e 54
T de Y X A gs 2 dF AlxEE s s Q] ¥ AF7t @49 &y gtk 539,
TEHP e, A 3 /AR FEEG[2]. (1) X-ray g JAFAAYS &8s HY A= 94
pz7h WEEE X Aol ARE AN AdF CT mddelAe] #asa gorf, a34dde 5]
(low-dose CT), (2) X A @& #F9gz H53= 98 #Fg¥= &4 34 (loss function, objective
tolEle] & TAaAZ 84R CT (sparse-view CT), function) =3k G4 LZwclo]A L1 & L2 loss &
3) X A 9% #FAE Fd3= BAGGS TR 55 &8st Q).
A9 CT (region-of-interest CT). dhA|qk, HRALA
S EZeFs Fol7] 93] metE X A wF #Ho] A|=H
o3 FEH deolEE s4A Hd 7|H< filtered
backprojection (FBP) 7|W<& &3] Hdstwl, F=53
Artificial

Neural Network

T B G TE ERE 2
FR[4]AA E2FFR AR B, 53], A wuelo
2 29 45e wus $5e S4@FR An



I. &2

Figure 2 & 1Ad 974 =lQl A3 204
AE veget g WA &4 g AN WS
RojFEr) 53], Figure 2(a-b) & 94 =dQleA &4
stE AREEAT () © 94 AAE et WAl
plain (or standard) st WAolH, (b) = d¥yE
st55k= W9l residual Shy WS HojFEdh WbH,
Figure TuRleA &4 s

20c-d) + F3
Arkshs Aoz, deal
e F9 A R F

Qimg) Oﬂ 943]] %‘Od%
Ay A4k (F) & AHE-8ho
Q9 oz wésh= Aol FHEn, & e
A 79 =rddelA AdEd. o714, (o = 79
G AA diE] =4S 8k plain S WA oM,
(d = 259 A4 dolgs Adst= Al =3
consistency term ©| ®WrgE g5 W o)t
42 (1-4) = Figure 2(a-d) o BAE AFNAES
Fet7] fl8) Ak 4 s v

0y o,
T o

"
¢

2
L(img, ptain) = argmianmg Z”x = Qimg (xs)"
7

Equation 1 Image-domain loss with plain learning (see Figure 2(a))

2
L(img, residuar) = argming, Z ||x - (xs - Qimg(xs)) ”
i

Equation 2 Image-domain loss with residual learning (see Figure2(b))

2
Lprj, plain) = argming, . z ”J’ -F (fR (Qimg(xs)))”
7

Equation 3 Projection-domain loss with plain learning (see Figure2(c))

2
L(prj, consistency) = argminQimg Z ‘ y - <Mys + (1 - M)T (R (leg(xs))))”
i

Equation 4 Projection-domain loss with consistency learning (see Figure2(d))

Figure 2 (a) plain 3<% & (b) residual 8 715 34 =2

AFANAE FZ. (c) plain 8FF EE (d) consistency 5 7]4t

29 ZHd QFANAY T2, 97 A4 vghas B9 J4o)
H, 25 FHA d2s 4% A3 A AHE-E HolE.

(i) FBP. (iil) MBIR
(256 views ) (w\ TV reguralization )

(i) FBP (iil) MBIR iv) DL (v)oL (vi)oL (vii) oL
(96 views ) (w\ TV reguralization) __(I-loss w plain (1oss w\ residual ) (P-loss w\ plain) __(P-loss w\ consistency )
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Figure 3 (a) DS=3 £& (b)) DS=6 ¢ 3 &

R CT 9 g3 g
949 43, 2% 3¢l NRMSE/SSIM ©]
A3 e

Sagrel oo *

om 28

Jiz o2
o, o

Figure 3 + tddt 34H CT o & 59
HoErh WA 71¢l MBIR 7]H& 3]
58 Fo ol o8 2 A7 4
BetA AAgez Js§, X-ray CT 9739 2
AAsACE Figure 3(Giv-vi) & Uthsk sk

1A
g wejFE

N o B

o o ¢ (> o pE Lo o

&2 nlo X n

£ o] AX EHele] wE A o} (iv-
v) B 94 EEddA &4 dE dilbst
324wl Ais BAFH, dd 5 Al A3
zHgo] ol gtk WA, (vi-vi) & (v-v) 9 F93
oA &4 Fqemrs T E=dddoA Ao
st5et Q¥ Aol tigk ZAzeltt. (v) Hely X3
Aoks 83 Fo =ddl &HgFE T el
AFNAE Fx7F opkst SAF CT oA 35
A S-S A73H, peak signal to noise ratio
(PSNR) ¥} structural similarity index measure (SSIM)

Table 1 T3 &2 4o & (a) PSNR 2 (b) SSIM 7%+ A
FH P71 I-loss S P-loss = 217 Image-domain loss 9}
Projection-domain & <]v| &

DL

@ FEP MBIR DL DL DL
PSNR (768 viows) | (Catafidelity (Closs (loss (P-Toss ®-loss w/
1dBI w/ TV reg) w/ plain) w/ residual) w/ plain) i
DS=2 43.8766 45.3438 451113 46.0363 41.9625 47.0810
DS=3 37.5167 39.9657 43.3526 43.7071 41.2416 44.2701
DS=4 33.9806 37.4422 41.9985 421607 40.6018 42.7751
DS=6 29.9290 34.0616 40.2454 40.1494 39.4581 40.8848
DS=8 27.5043 32.0263 38.9080 38.6853 38.6922 39.4378
MBR L oL L oL
© FEE (data—fidelit = (= @1 toss w/
SSIM (768 views) o Y 038 %8 o83 (et
w/ TV reg) w/ plain) w/ residual) w/ plain)
DS=2 0.9866 0.9925 0.9934 0.9946 0.9846 0.9953
DS=3 0.9442 0.9764 0.9901 0.9911 0.9811 0.9921
DS=4 0.8884 0.9605 0.9867 0.9877 0.9785 0.9891
DS=6 0.7873 0.9295 0.9815 0.9818 0.9751 0.9834
DS=8 0.7113 0.9005 0.9768 0.9763 0.9717 0.9781
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