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Abstruct

In X-ray CT image reconstruction, faster reconstruction speed enables
quicker diagnosis, more accurate reconstruction and less noise makes it more
difficult to miss diseases, and fewer X-rays reduce the burden on the patient.
Therefore, research is being conducted to speed up the reconstruction, im-
prove the accuracy, and reduce the amount of X-ray irradiation, respectively.
The FBP method, which is a conventional direct method, is fast, but has
the problem that it cannot be reconstructed when the number of X-rays is
reduced and the noise becomes large. The iterative approximation method,
which is another conventional algebraic method, can reduce the number of
X-rays, but has the problem of slow reconstruction speed due to the iter-
ative operation. In order to overcome these problems, CT reconstruction
methods combining existing methods with deep learning methods have been
proposed in recent years. For example, a method that removes noise from
an image reconstructed by the FBP method using a deep learning model,
and a method that replaces each step of the iterative approximation method
with a deep learning model have been proposed as a combination of deep
learning and existing methods. However, these methods are slower than
the existing methods in terms of reconstruction speed because they com-
bine deep learning with the existing methods. In this study, we proposed a
model that can recover reconstructed images directly using only deep learn-
ing models (Stacked U-Net) without combining with existing methods. In
addition, one of the challenges in medical applications of deep learning is

that there are few images for training due to patient privacy issues. If the
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number of training images is small, the accuracy of the deep learning model
cannot be improved, and it is inferior to existing methods. To solve this
problem, we proposed to use natural images for training. We showed that
the model trained on natural images can recover medical images, and out-
performed existing methods when the amount of X-ray irradiation is small.
We also tried to solve the problem of the small number of images for training
by using a different approach. In order to increase the amount of training
data, there is a conventional method called data augmentation, which adds
more modified data to the original training data to increase the amount of
training data. In the conventional method, if the amount of modification
is too large, correct learning cannot be achieved, so it is not possible to
create more data than the original data. In contrast, we have proposed a
method called interlayer augmentation. This is a method of augmenting
data in a batch and in the middle of a model in batch learning, and the
data can be augmented by a power depending on the number of layers in-
serted into the model. We proposed batch generalization (BG) and random
BG (RBGQG) as specific algorithms, and applied them to a classification task,
and showed that they improved the accuracy in learning from scratch. In
addition, Stacked U-Net has the advantage that the accuracy is improved
by simply stacking U-Net and is easy to create. On the other hand, if the
number of stacks is increased too much, the accuracy deteriorates. In or-
der to solve this problem, we focused on the skip-connection of the stacked
U-Net and proposed a structure in which high frequency components can
propagate easily. As a result of experiments with the proposed structure
and increasing the number of stacks, we were able to construct a model that
is resistant to the deterioration of accuracy due to the increase in the num-
ber of stacks. The method presented in this study is expected to be used
for the development of CT equipment that enables rapid diagnosis with a
small amount of X-ray exposure. In the future, it is necessary to improve

the accuracy of the model by integrating the above methods and to evaluate



the optimal image reconstruction method combined with Al diagnosis.
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1.1: Overview of CT Reconstruction.
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1.2: Issues CT resonstructions and algorithm correspondence.
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1.3: Issues deeplearning for medical and correspondence.
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—REHARETERWZO, FHT— X 2P T2 augmentation FHEIZDWT
ARz, HERD augmentation FIRIZFERMERIAHMEICHIRLH 5 2\ Wb TH
D, ERENCFET X EEOTHRENDHD. FDD, BHFETIVCHAT 572
\JC#ATE % Interlayer augmentation 2422 L7z. Interlayer augmentation
%05 ANERAAY (CIFAR10, CIFAR100) (Z#HL, VGG, ResNet, VIiT %
NZFTEA L, Interlayer augmentation % U7Z2\W56 & HEEE UiEA L 72

e EHANT, ENERPMRONS I e 2R LT

2 5 & [Stacked U-Net O®ER] TITHEE R LOMEI D728, U-Net KD
WRETFIE, Stacked U-Net OB FIEIZDWTiER7z. Stacked U-Net & stack
Bl Ud &5 LHENET 2 LW ELNH 5D, ORI LT, U-Net
@ skip connection IZEH UMb D T WHEGEZIRE L. TNENORE
BHZDOWTR T AT —Ya vy kA%, CT MEKREEICEA UFHMEL 72, #5%
CT FEETIE, skip connection DWEIZ X D ENTAERIGSNE Z & %2R
L7-.

BE6E X&) T, K zBL THRONMERE L2, AGwaTRELL



oyl

20 H1E Frim

Stacked U-Net (12X 5% CT F#E*° Interlayer augmentation D5 DEEIZD
Wk 7z,
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ARETIE X i CT s OfEke, MEREZRL, RENZHERBETIETH 5,
ERFED FBP %, ZUGEAIED SART i, ML-EM JKIZOWTHER 5.

2.1 Xi#R CT B

CT 1= £ 2 BEOHY) D Eif (WIHER) 12 1.0T B X285, 2. #pshs-
Wik STV BT 3 £\ 5 25 v T2 L DR h3,

211 XIRCTHREICLDEF

F3 X M OT EEOHOH, BX0 Xt CT HEIC L 285 (#5%) 12D
WTCHIBZTT .

2.1 1F Xk CT ZHEOBEANTHS. X # CT EIEMFEICEIE X iz X )
HUEEE (X-ray generator) 3 & O X ##Riig: (detector) THR I TWS. &
% (patient) IFHFEDHFIZAD X ## CT HETRZ I N5,

X RS, X s L ORIEZSROMIGERE M 2.2 (279, X KRIZIREED S,
AT I 5. X S EEH S I S 7z X RISz 72 5. BuEaR AT
B> TAFIINTED, TNTN X N7z o AEZHUETE 2 K515
TW5.

X it CT HEIC X i ldfe L IHENn 5.

BT X MEREE S L O X SHRHBRORICAS Z 8T, X SUIRFREE D 5%
SNz X MR FHORZEE UL, MR T X MOBREMEIcns. X i
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—— X-ray generator

‘ // \\‘\\ ’/,
\ P /" patient

N\ . ~ /

\\ ; * —= - - / —_—
AN ) p i -

detector

Vertical View Horizontal View

2.1: Conceptual diagram of X-ray CT scanner.

— X-rays

detector

012345067809

Vertical View

2.2: X-ray, generator and detector detail.

TG REE B L O X M aRh A2 B BB DA D 2115 Z & T, FReeAED
BEDROEREBIERT 5 LN TE L. MEAMEZ U7 ERs kO X fRHEH %
L TITO 28T, BEDED % 360 B> 72 E#Hzas N TES. 2Dk
SITHET LD X BERELZBIIT S Z e RETH S, £ X HREEES X O
X Kt as D BE OB EEIT 5 Z & T, Bha 2RO BE OIROIE R % Bigz 4
5ZLMMTE5.

X s O X Nz EiBIEI 2.3 \TRT & DY /2T L (sinogram) [
BREWVSEBIZIR S, YA/ JT NEGRIEREA SO E, HefiliY X RIS
DAL > TWED, ADHIZIFERTE R WEfRE 2> T\ 5.
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2.3: Sinogram image.

2.1.2 CT EfRDEEK

LEOBIAC £ O BEE N A ) 55 N T Ml ORI, G A
DR & UAIOWT % 34559 5 0% CT BHEETSH 5.

CT MHRITEIZ, Radon SEHI" & TOMEN SER LR, 15512 HEOR
WF— A5 2UGE, 3UCEDT— AR FHEKTE 5" [5,6] 276 LTHY, 20
LA MRS L7203 CT K5 TH 5. ARIOKIZE K7 ¥ OGO
5D, XMWY HIGENHD D Zhh X MEREOEN L LTS, 207,
BE N 2 X SR SR ORR O > T\ 5., 2070, EHEERER
S T BT 5,

22 {EkRF&
221 E®E

CT OEFCINROE D Z [ U 720N D radon Z2#ie UTRT I &
WTE, BEMYMERIZLD 7Y T2BIZ X DY radon RS ZEATE
% [7. MTFizzhaeRT [8).

s % X MUt e i e 2SR L TH L, s I FRLICRS.

xcost 4+ ysinf = s (2.1)

ZZT (x,y) \TWVMRDALE, 0 IXEHEAETHS.
s BLU 0 #FH\WT, radon ZHUIPL NITRTATRETE 5.

p(s,0) = /00 /OO flx,y)d(xcosh + ysinb — s) dx dy (2.2)

ZZT fx,y) ZWMEDALIE (z,y) TO X SEBEREEERT. 6 3717y 70T
IWABETH S,
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a

~

p(s,0) 1& s OB DE D, X KRIEHEE & B L %5500 12 2Pk
X KEEADOMD £ 725, p(s,0) IREEGTOBRIETH 5D T, p(s,0) 16
Fz,y) DRI USRI RAES NS, ZHEY radon ZHE 1S,

W radon ZHU LTI ERE (Fourier Slice Theorem) 12 & b EBHTE 2.
EYIINTERLE CT OB (T4 /2’5 LEig) @ 1ot 7 — ) T4,
ED 27— T —HT 5L WS EHTHD. BRIIIFUI 258 Z
LINTE D,

p(s,0) D7 —V TZH%E P(w,0) £T5&

Plw,0) = / p(s, 0)e 27 g (2.3)

L5,

U7z p(s,0) DERIZE DL E

oo infty .

P(w,0) :/ // f(z,y)d(x cos O+y sin 0 —s) da dye™*™"% ds (2.4)
&Y, MaDlEp 25 L

P(w,0) = // f(x, y)/ §(zcosh +ysinh — s)e " drdyds (2.5)
L7325, TIVRBEOBNIE 1 2DT,

P(UJ, 9) _ // f(l', y)e—27ri(m0050—|—ysin 0)w dr dy (26)

N
oF

2 5.
P22 2 IR0t 7 — ) TEBOEERE WS &

P(w,0) = / / h fz, y)e 2™ @uty) o dy (2.7)
Y15, ZZTuldweosd, yldwsind TH5.
DED, EUFVA TS LEBD 1 T — ) TEBETH Y, FiF f(x,y) O
2 e 7 — ) T2, DX DIHIERO 7 — ) T2 TH 5.
INETFEOL S IZH S b
P(w,0) = F(wcosf,wsinf) = Fppar(w, d) (2.8)

0 #ZALSEBHI LT, MHEE (w,0) 12815 RKHOB f(x,y) DERRT—
TZH Epror 21D T EINTEDLE VRS,
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B HYINIERIZ D IHEY 1/ 77 LEGICN LT 1 067 — U TA# 1T,
2 POt 7 — ) TWEHRELT S L MTHEHRIE 5D,

222 FBP &%

FBP (Filtered Back Projection %) 138 HIVIBIERICED E, 7 1 L XG
e 7 =) migsul L o Wiidi& e B s 5 5IETH 5. DINICT OEH L%
Y

77—V T E F(u,v) £95L f(o,y) 1

flx,y) = / / F(u, v)e_2m(“+y“) du dv (2.9)

YLD,
A RBHEEEIR Fporqr(w, 0) 1T &

f(m,y):/ / Fpolar(w,0)|w|62m"(“059+ysme) dw db (2.10)
0 —00

LiRs.
SR UIWTERIZ KD < & FRdi

f(z,y) :/ / P(w,H)Iw\e%i“(“os“ysme) dw df (2.11)
0 — 00

7%, P(w,8)|w| 1Z—km7—Y T&HIIXNT D7 1 )VXEHE (Ramp 7 1 )V
R)LBEZRDIENWTED. DD, Y4 /77 AEBIILT 1R 7 — ) T4
2T, TAOVREEETY, 2 0oL 7 — ) TWiAA TS L WHESRSME S D &
WHZeThHbd. ZThH FBP kb,

2.3 REHFE

FBP (B TFEIC DWW A, —HREAE RIS OBIIARTH 5.
ZDRMPOADE, TA 77 LEGKIEN 2.4 1ITRTEIITERINDLLEZXLZ L
MTES. X 2.4 DEAOUUSERG 2 NMADKTH (WEEgR) &35 &, X iRt
BT X OEOEH D, MEOHEER B L -E M S 5.

ERUZZ &S 02Y 1 7 7T LEERISEERA R S -G e LTRkEns. 2
NIEEAFD KR DEYE 7 V2 e U BN A EEZ S LN TE 5.
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8300 28 8o

10 0 4 0 010 . 10040
820028 o~ 8200

0 81010 8 0 @50 8101¢
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100 /2621242010260 0] o
0’

%
Angle 0 Angle45

2.4: Conceptual diagram of sinogram image.

Yo=0
XO X] XZ X3 X4 X5 y;=0
Yo=Xo+Xg+X1p +X1g +Xp4
)(6 X7 x8 X9 x10 X11 ’ | Y3=X1+X7+X13 +X19 +Xp5
Ya=Xp+Xg+X14 +Xo0 TXp6
X12 Xy3 Xq4 Xy5 Xqg Xy7 Ys=X3+Xg+X15 +Xo1 +Xg7
| Ye=Xg+X10X1g +Xpp +Xog
X1g X1g Xog Xo1 Xog Xo3 | Y7:>[<)5+X11+X17 +Xg3 +Xg0
Y=
Xo4 Xo5 X5 X97 Xgg Xog ¥o=0
I S ST T S S .
Yo Yi1Y2 | Y3/Ya Y5 | Vgl Y7Ys Y9

2.5: Algebraic image.

231 CT BEREEORBNERNL

FElEEAS & TV LIV CT BBOBEITRD L S ITERTE 5.

y=Ax+b (2.12)
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ZZT, ye RV i, ¥4/ 7T LEETHY, A=a; € RNV d, By
FHIEWHEND, YHADE 0 I X e X SRR 2R L7175, « € RN 13,
H s AWHER CTH D, £/, be RV 13/ 14 ATH 5.

x OETEIE A7 #RDT /1 X b D% DX HIELTE D,

r=A"1y—b (2.13)

A FREATHITH B7-0, Btk d Z L <, » O, TeloADLHE
Lt E LThobEhb.

argmin ||y — Az||* + Anorm(A) (2.14)

ZZTA>0THhb.

2.3.2 SART &
X (2.13) &/ A XD IHL, BIRINIET 2 EPAFIZR5.

v — Az
WA? (2.15)

Ti = Ti-1+

ZZTA FVATLINIY I A AD i ZHDITOXRZ MVTHO, y, dy Di
FHOEZRTHS. Fitid y; — Ay BEAARLIUE, PERLTH D, f@hthE
MmMoLWEFA5.

FREE D SART HEET7 VTV XL LIRTTIVTY AL LTERES.

ZIZTal3ETds. HIMHZIIAEERTFHDOHIMEZFRE T 5 L IPURDBR
WEEDLNTWA. F7z, ¢ FUREFTHD, REVEEEIES LD, hEne
KT U578, FEBIZT7 VT XL %2ED Uiz %Es 5 BERH 5.

233 ML-EM &

ML-EM EI3HEHFETH O REITEDOW TR E KD 5.
HBENTDRY L)V TORIEDEIID ©; DXRT Y UMHIHED T ¥ X LT84
B X, ToHBLETS.

1
P(X; =kx;) = ﬁe_mjx;? (2.16)
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Algorithm 1 SART method.

Require: system matrix A

Require: sinogram image y
Ensure: reconstructed image x
T a
while y; — A;z; > € do

fori=0tondo

i—Aixi AT
T; = Ti—1 + yATA
end for
end while

ZIZT kIR NVNTRE UZEROINETH D, EEORI L 2EHT S
VEHRIFZ AL X — A SBFRTRED L ENTWS., ZOEEDHDRT Y Viti T v R NZE
Y, 28 [9).

1

PY; =y;x) = je_yi(x)yi(x)y" (2.17)
vi

ZIT y; R TEIIE NRE R R L, yi(z) RENEOIEITIA S 7R
VIVl @ 12 & 2 BRIIE % £, MBS COBIIED y; ZXiiEr T5 L,
BHBRZ LIV @ (ST BARERIE, RSB L(x) 2VWTET I ENTES,

HP =y x (2.18)

BB, max OMEIFZEILLRLK, TR TOMRVIEATH 5720, i

WO E & B L TBREREE kDD Z LN TE S,

log L(x logHP = yi;x) = Y (yilogyi(x) — (yi(x) + ;) + log i)
" (2.19)

ZZTr FERAETHS.

Z OB Bl ks 5 Z £ T, maximum likelihood (Bk) T, @BHlFEHRICEHS
SEIPLWRIZRME ¢ 2PET B ZENTES. 48, log b 1k IkFLZ
WzHIbRT 5 Z L ATE B,

BRUERIEHZRZ IV (HE) IZOWTOREHEEDORTH D0, A
DNWCHEZ DL &L, EMEICEDHENENTHS. LRk L7zX% EM JEICH
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SWCEIIEL 7207, ML-EM #:T5 0 FaRk Th sbans [10].

k—1 N-1

T yiCij

k _ J

xj-_-§:iiél(%j ;é; Yoot Cijat
ZIZTkIFOIRUEEZRY. jIdEGROERERES 2R, TNTOMEZELIE M
THd. 1 IHET - ZOBREEEFESERL, TRTORBEOI N TH2. o)
bl dEnTn k&, k-1 BHOEEETHS. C;; IR TH 2.

FREE D ML-EM EE7 VTV XL 2 1ITRTTIVTY XL e LTHRES.

(2.20)

Algorithm 2 ML-EM method.
Require: detection probability matrix C'

Require: sinogram image y
Ensure: reconstructed image x
T < a
while k£ < b do

for j = 0to M do

ay ! N-1 .Cij
7§ = $rtres Limo $TeTOT
end for
k=k+1

end while

ZZT, a bIFEHRTHS. #FOBEALDOHRKEHTH S b IFRERIICPES
ns.

2.3.4 OS-EM &

ML-EM EIXERERHA R W20, BRZTWIERPH 5 K512 L7z OS-
EM (ordered subset expectation maximization) EAER I N TS, OS-EM
ETIEA (2.20) IZBWTHIG © OEFHD 2 TR TOHKLZM S DTIERLS, ¥
Ty MIAEILTY Ty b ZEICEBOER &1 HIETHD. TIHTY AL 3
TNV TY) AL%ERT.

ZZTn RETEY Ty MITHS. 7y NIV A )T LT —REH
FAEZ LIZREIL 725 0T, FHIHIIE WS DD, 725 S BEEMENIIEIZ



H
[\]
il
:mll.
il

30

Algorithm 3 OS-EM method.
Require: detection probability matrix C'

Require: sinogram image y
Require: subset S = yo, Yn, "Y1, Y14n, - Yn—1,Y2n—1," "
Ensure: reconstructed image «
T < a
while k£ < b do
for sin S do
for j=0to M do

for sin S do

k J
117]— s C Z’L OZM 10”:1:

end for
end for
end for
k=k+1

end while

EDTEIDARNVEINTWA. OS-EM LTl ¢ OFEHE2ITXTOYA ) 75
LT =REMAETITY Ty N ZEITHEHEITD DT, P SEWVGEITRTED
X9 <, ML-EM {EICHANTIERAREL 725, 7%y b n lddbE D KEL
THL)ARXPERATCLUES DT, #YY Ty MUZ S Z L PBRETH 5.
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=

Stacked U-Net IC & 5 CT B
X

BB U7z & 512, RERFIETIX ) A XH3 D5, FEREEIZIERIAD 5 & 5
WMotz B, TA—TI7—=VIEMOEREH Y, TERTFHEIMAGDET
Fq =T 5= X BEEEERL /1 AR TN T\, 7, BHF
FHEEDHALOET VB W ITB VT, HERTEL D IZHED D> TN 5.

AFETIE Stacked U-Net 12 & W BFFEE OMAGOERLIZT+ —TF—=V
TDETINVDATHERNTE S L%2RT.

3.1 ELC®HIC

B, T4 =77 == TEEROESEN, BAAAZ =TV %y FT—2
(CNN) [11,12] &\ £ Abpck [13], Bf& [14), £Z AV F— a2y [15]
75 ¥ DRFFEDEE AN TN TN S,

BRIZBWTE T+ =77 -V JHADERAPEA TS D, Yang 5 [16]
51 magnetic resonance imaging (MRI) OFHEKIZE T, BFIGLEITED
BAT Y ToT 4 =77 == 27I2HD /2 alternating direction method of
multipliers [17] ICEE#Z 5 Z LT, BFFEL DENFERER LU

£7z, Yang 5 [18] I generic adversarial network (GAN) [19] Z MRI O
FREITEA L, 16,095 MOEHG TIRRZIT, Sms &\ D5 RV IHE TR AT
EBZ LR
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X7z, Zhu 5 [20] WEHEMABT 2T —FF7—=V I/ DETILE GAN %
FAaEHET MRI OFBESKICEH L, ROI (Region Of Interest) ffit L 7= 48
UGG ClE 2 UGS T 2 ET IV EIRE L. ROI 2HWAZ LT, MO
YA ZHWINS LK 7257280, @BfifE%E1T5 GAN ETIVOFEDPERPERNEL 72
%. GAN OFHfiEd & U Tt VGG loss [21] 2fHL, BFEFiEz LR 545 %
197z [22-24). FERFHBFAET VDS OEMREEEGDOEIIE 1 Md7=0 0.22~
0.33ms & EEZ -7z, EM oI, EREERE O EBINRFHERNETH 5 mean
opinion score Z#EZEL 7=,

CT E&OFMER L L TIE, Jin & [25] & FBP & U-Net [15] & resid-
ual lerning [26,27] ZHlAGDEMEREL TS, £72, Zhang 5 [28] &
DenseNet [29] % FBP L& MAADEEETVZIREL TS, ThHDFEIF
FBP Ik CHRAETEZ /A AT =T 147727 "OEEFO T LN TE, BGFFEK
DRWEREZED LN TES.

U-Net [15] 1&, HE{EDATIEEIINE LY A XD CNN €TV THY, EffGE
DOFHE%E A% v THHUZ X > THREBITIET AN H 5. U-Net 13, @fif5E
HRIZN U TEAMAAFEZRED IR, BAAAEGREHINT S LT, EHRER
Bt g 5. flih & NARAURE ORI REMIZIER S KOG SN,  BH&rIC
ERRRIE DEFAVER I NS,

U-Net ZNEAKREHEENTED, [30] 5i% Resblock % L7z U-Net % 15
JgEEda7z Stacked U-Net IZBWTE I AV T—a VA AZIZEWT U-Net &9
N8 %R L7, Shah 5 [31] 1% Dense block %# L 7= Stacked U-Net %
0 ANAAZITHEAL, ETVCEREEEZBEHL, v A VT a v gAY
IZBWTHHFOFIE L D EN R 2 /R U T,

RETIE, DRWEEETH, BFOZUGEIE L O FRERSGEE DR < ZE L 7=
HEZ55 I 2HNE Uz, BEFETET =7 I —=v 7O MHL
Stacked U-Net Z#&i&& UTERHL7=.

—fRINZ, BEDOTITAN—FHEDT-D, FEHT—Xt v b & UTERERZIN
£9 2 LIIESH TR, CT OfEREHGIIEE QW OB TH 5720, TS
5 EIEAVRETH D, AR GERIE, BMFFHERIC X 0 UG S -2 fAH 3
B THS.
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FBP U-Net Ti¥¥E7—2 & UT, BHFFEC & D IS E W W42 radon
BHIZ X0V A ) 7T AEBRICERL, YA 0T LHEED S FBP IJETE 514
U TR Wiz ZEIZHLTWA. UL, ZOHETIRE HMEEEIc KRS
%) A AR T —RIZAD 28, ZD7-H, FBP U-Net OFRCIXFEER L 13
BWHESE B LT\ EEX D ENTES.

Bexld, FEITITEREGRD £ 0 EEES CHS SN TRV EZ AT Z &
2 U7z, BARBIZIE ImageNet [12] 2 U7z, ZOHdh 5, 28,463 MOEiER %
HEF—RLy b UTHEAL, 300 1 FL— 3% 90 BiEh ) T8 Lz,

fiR e LT, 512 fHOMtERD 360 M 64 #w 2 E L7727 — X+ v M T, Peak
signal-to-noise ratio (PSNR) T 27.93db, structural similarity (SSIM) [32]
T 0.886 OWMEg%, CPU T 2.35s, GPU T 0.11s THKT 5 Z LB TE/-.

3.2 FEEMRE
32.1 MRIBEMADT1—T>—=VJDEH

MRI 3G DZEZ LD, RADKEFRFHIET DB BT 5 Z 228D,
BNDERERDFETHS. D7D, M1 X M2 d 2 CT L3R
DHENRES. UL, FHTIDET—) TP RELETH S 728, MRI
FRERLOFIFIE CT FERKIZ £ IGHTREZR Z L D3\,

Yang & [16] 51k magnetic resonance imaging (MRI) OF#EHKIZEWNT,
BUCEBIEDE AT Y T2 T4 — 77 —=2 712\ alternating direction
method of multipliers [17] ICEE#Z 52 & T, BEFEFELVENGEREZR
U7z

£7-, Yang 5 [18] i generic adversarial network (GAN) [19] % MRI o
FRERIZIBE L, 16,095 MOEHR THIEZITY, bms &\ D FWRHHCEMER AT
EHTeEmUT-.

£7z, Zhu & [20] IREH 2T 2T+ —7F7—=v 7 DETINE GAN %
#lAEHET MRI OFMERKIZEH L, ROT it U7z 8885t U Cfid el 2
WEHETDETNVEREL. ROLI ZHWSZ LT, HFOY A AANE 42570
W5 %15 GAN T VOFEOPIFRERARL 725,
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322 CTBERADT1+—7T5—=VJDi#EH

CT OHEMERANDT 1+ =77 == TEITONTWEA, BHFTAE OflAGLE
TEEIN TV TS .

Jin & [25] IZ FBP & U-Net [15] & residual lerning [26,27] Zfladbt
72 FBP U-Net 22U C\%. 7z, Zhang 5 [28] & DenseNet [29] Z FBP
FEeMlAas e DD-Net 228 LT\ 5.

3.2.3 U-Net & ZDHERE TdH % Stacked U-Net

U-Net [15] 1, HEHEDOAS L EFAFRUY A XD CNN ETLTHY, FURE
D% ZF v T K o TREIZTIETATNICRED ® 5. U-Net 1, &f#EE
EGIZ U CTEAMAAEBZEDIRL, BHAAAEBREHNT S LT, BHEER
BET 5. il & N ARAREE ORISR IER B T URA I, BRI
R E DEEAVER T N B,

U-Net ZNHEAEHREINTEDY, [30] 5k Resblock %i#fH L7z U-Net % 15
JE&E4a7z Stacked U-Net iZBWTE T AV T—2a v RAZIZEWT U-Net &0
[En =K%~ U7, Shah & [31] i¥ Dense block %@ L 7= Stacked U-Net %
O TARFRAAZIHEHL, ETMVIERYFEZEHL, AT —va vk R
ICBWTEHFOFEL D ENAER 2R U7z

324 ERIKBFZML—=VIF—%Ev b

BB I T — X DBDSEE D 75 A /N —72 ¥ DB 5 FARE D T — R
IZHERTAR DD HETH 5.

Bhatt & [1] 5iF, EEIBIET 4 —7I7—=V T OMEDIZE AL HH LI
FU7ZT— R TEMINTNS LIEML TS, ZIISEATPRETT — X2 v N
DL DIIRHED 0 E7-20T, A—T V77 A%T—Xty NOfFHZHEEL
TWo. EEBERA—T VT =28y hTHRRKOHLDTEH, HHWTHD CT A
FyrOTF—RIZRB & 1000 BIEEIFRATH 5.

Tajbakhsh & [33] IHRHI LT AV T—a VR AZIZBWT, T/ 7—Yavnh
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3.1: List of open access datasets for medical study and research [1].

Organization/dataset

Description

Source link

EPILEPSIAE database

Cancer data set
Image CLEF 2017
ISIC2017

Mini-MIAS database

Data sets from more than 200 patients with epilepsy
T909 breast microscopic images of 82 patients

CT images and biomedical images

Skin discase dataset contain more than 24k images

3369 mammograms of 967 patients. [t is classified on
the basis of lesion type, morphology, breast tissue and
pathology type

https=ifwww.epilepsy.uni-freiburg de/database

httpszifwww.web.infufpr.brfvrifbreast-cancer-database/

htpszifwrww.imageeleforg2007

httpszifwww.isic-archive.com! ftopWithHeadenfonlyH
eaterTop/gallery

httpszifwrww.mammoimage.org/databases/

hitps=ffwrww. peipa.essex ac ukfinfo/mias_ html

DDSM-BCRP 2620 scanned film contain normal, benign and malignant  httpsz/fwww.eng usf edu/evprg™ammography/DDSM/
cases with verified pathology information BCRP/berp_mass_01.himl

INbreast 115 cases with 410 images, 90 cases are from women with - httpsz(fwww.medicalresearch.inescporto ptfreastresearchy
both breast and 25 cases from mastectomy patients index.phpi'Get_INbreast_Datubhase

ADNI ADNI dataset contain data of Alzheimer’s disease patient  htpszifwww.adni.loniusc.edwdata-samplesfacoess-data/

LIDC Lung image database consortium. CT scan images of lung  https2fwww.wikicancerimagingarchive net/display/Publi
for detection of lung cancer c/LIDC-IDR I

DRIVE Digital Retinal images for extraction. It contains 40 htpszifwrwwisi.unnl/Research/Databases DRIVE/downl
images of retina oad php

ALL-IDB Itis a new and pubic dataset of microscopic images of httpszifwrww homes.di unimi.ivscottifall!
blood samples

LUNA 888 CT images are in this dataset httpszifwww lunal 6grand-challenge org/data/

LIDC Lung images database Consortium contains lung screen-  httpszffwww wiki cancerimagingarchive net/display/Publi
ing thoracic CT scan c/LIDC-IDRI

NLST It has SCT screening images and lung cancer progression  hitpsz/fwww.biometry.neinih.govicdas/learn/nlst/images/
dataset

TCGA The cancer genome atlas, it has genomic, anscriptomic,  hitps/ifwww.portal gde.cancer.gov/

epigenomic and proteomic data

L 725 Z e 2ERLTWS. 7/ 77— 3 v LIREHHEAD T T TH B9,
XTAVT =Y a VY RAT TEBHRHEEE Y —F V7T TH D, — MM
2T/ T a T ADEHMRTHIEMTHRWEH L, & THRELD»DH/E
HKens.,

PIRNFE T — R B BT 72121 augmentation FIEEEAT A Z 2B X5
5. augmentation (ZHWTIXELRE & [F UFENDNZ 5. Christ 6 [34] &
CT DX I A YT =2 a VRAZITHUTHY AENLERAL TN 2.

LU, augmentation |6 & &5 T =Xty MERT 2 HIETHD, HHEL
72T = R DPHTEDT — X DHFIZ S4B &, TDT = RO TN 72
IZHAREDFERNFEEL DT — X 2/ESH T LIFTER,

3.3 Stacked U-Net O#&&

3.2 L[¥ 3.3 IS MIHEE L7z stacked U-Net OREETH 5. FAMEEIX U-Net
ERIUED, Tz 3.312RT L9512 U-Net AA% 6 HERQ T\ 5.

HLH LD U-Net HHBEDOEY VT4 v 72T AU T—2 3 v O7DITERI
THEY, ERRE IR ATIESD, YA ) TT L0 SWHEROERIIY 1 ) 75
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512x512x8

= Il
[ mmﬂm

512x512x8
64x64x64 |:| I |:]'I
H IH 32x32x128 |" 256x256x16
1T 16xexase (MU t2xt28xa2
M Input 512x512x1 |D"D_8x8x512 'DIDI"D”I i 64x64x64
B conv2d 3x3 D | Ll 32x32x128
ofag | o] 8x8x512 16x16x256
[ Batch normalization 4x4x1024

[7] Leaky ReLu alpha=0.3
Down Sample conv2d 2x2 strides=(2,2)
[F1 Up Sample 2d Liner

Il Concaticate

\\F

3.2: Structure of the proposed U-Net.

||\ ‘"H | |\‘|

—— |i||“ II}

% m}mﬁ" |||% ||Iﬂl

|
“'Tllﬂ Iﬂllh ﬂl Tlllﬁ!l.gmoid layer

stack 1 stack 2 stack 6

3.3: Stacked U-Net

LD AFIOA EEFRABETH D, F7z, stack LTWB728, stack D&Y
@ U-Net THiE % Bk U 7285/ 1« ALt sd Z & 2L U-Net %
BH U=

stacked U-Net (% [30] % [31] DMERLTWEH, i@H D U-Net &[FEbktEz~ >
TFTAVIRITAVT =2 aVvENRODRIAZ L LTWS., 77 ARFEOHNDT-HE
TIVOEFEH L n-class &> TW\W3.

AEClE, BWAEEINET VA AT —VDEREIRD X121 Fr oplezoTHD
%. BEOHIFFITEEALE TS 5 LeakyReLU ML, H&HIZ0 —1
WZIERU b Nzl e b K 51z A NEERFHLTW5
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Shah & [31] 1 U-Net 3252655 A ZMES< BEY LTED, ZnESH
#1a7z stacked U-Net 1ZX SIZZ K DRI RARRBEE T B2, AEY T A XAK
EL<RY, BENZ GPU OAEY YA XTI 2DFHL W EIBRTWDS, 2D
728, 513 3 x 3 @ convolution ZH & HED U-Net D 2 2725 1 DITEH L,
I oITHiINE 3 x 3 DANTA R 3 @ convolution 12 &> T\, #Mhb A ¥ DI
£ 3ITES LTWa. KiTlE, BrxBAEY YA X2FS5T 720, convolution
Z 205 1IZHS LT\,

£7- Shah & [31] BEAEC & D U-Net i2 AJ1F 5 AE Y DY A ZEHS LT
Wb, ZD7, HNVAYORIE 3 THAaTHS. Lel, H& L5 V1YL
TWo., ZHEHNL A Y EE%< L, a7z Hociliti e 5720 TH 5.

72, BEMLDOEZD, LAY ZLoBELREL 2B IR o7, fi/MLE
¥ max pooling 72*5 2 x 2 DAL F 4 K 2 ® convolution (Z, HLRMHIZK
deconvolution A SHPEAHRENC, 1EMEALBHUR rectified linear unit (ReLU) [35]
75 LeakyReLU [36] (ZU7z. 7z batch normalization £3#FH U 7=.

3.4 FlEER
341 32x 32 BEERDETTDL A VEAEHDEIR

512 x 512 OEFTLOFBH IR ID D 5728, 32 x 32 DEHFEDETT, U-Net
Ol EOME 2B ko7, TNTND LA YEIEIZ DWW T 50epoch FH
SHFHIiE B Z R0 7z, GBS OME A FH U7z, SRFHEREE L L7zDi,
Mean Squared Error (MSE) THIHEIRE €T NVOHIMERZ KL TW5. £
3.1 IFEHliDFERZ R L TWA. fiZhL A Y (down scaling) TORHT#EFRIE max
pooling T 0.0107, #¥#E/N (linear scaling) < 0.0099, 2 x 2 ® stride 2 D
convolution T 0.0086 £78->7z. ZD7z8 2 x 2convolution ZEEA L 7=.

LKLV A Y (up scaling) TidfE/INL A ¥ T convolution Z AL TW5720,
WHMEZEZE 2 % & deconvolution [37] WL TWdEEZ NS, UL, #Hf
filll%, $EHLK (linear scaling) T 0.0086, deconvolution T 0.0107 &72-57=.
ZD10, MK EERH L.

ML Sk LTl dropout & batch normalization [38] %Mt L7243, G
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% 3.1: Applied methods

class ‘ methods adoption ‘ validation loss ‘

down scaling 2 x 2 stride 2 convolution v 0.0086
max pooling 0.0107
linear scaling 0.0099
up scaling 2 x 2 stride 2 deconvolution 0.0107
linear scaling v 0.0086
generarization batch normalization v 0.0083
drop out 0.0141
activate function sigmoid 0.0567
ReLU 0.0132
LeakyReLLU v 0.0086

skip-connection previous U-Net input image to i

the next U-Net input image

first input image to all the U-Net input -
Optimizer Adam v 0.0071
AdaBound 0.0142

flilX dropout Tl 0.0141 &L FHIFEREE(L L2720, AL 172
batch nomalization 13X05RA%% 0 FHfifES 0.0083 ik L7z. D78, Pt
& U TiE batch normalization Z£H U 7=.

EMEALREEIE Y 7' 0 REAET 0.0567, ReLU T 0.0132, LeakyReLU T
0.086 7257z, 7 EA FEEUIA X v ZEDVD I WG ARG R & D25 7293,
ARy %L 8B e, WORUZRD 572, ReLU & LeakyReRU IZH U 7273,
LeakyReRU DIE 5 AWERN Lo 72728, 1WEME(LEIEE U Tix LeakyReRU %%
MU

U-Net O A & i TH 5. U-Net NERD skip connection I IEHRHEL
2T EVWbNTHY, stack BOMINT & S MEHIEKRITNINT 5720, B 3.4,
3.5 IZHRHR TR RO K7 skip connection ik L7z, —DIEFiD U-Net O
AN1% U-Net DAZANDED (KM 3.4), 5—DFAN%ETRTD U-Net D
AINNBED (K 3.5) ThD. Zn2h, WL < 4o 77 STl L
itz

Fol{b 7L TY X452 LTIE Adam [39] ¥ Adabound [40] LT, ZhEh
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R fi ﬂ\\ﬂl\% |

A N"'k m"IF m‘ﬁl‘

L wllll |||M ﬂw b

ol
"Iﬁ] mlu'ﬂlﬂ | ﬂ"h% o sigmoid layer
[ ||1|||1 []
stack 1 stack 2 stack 6

3.4: Connect previous U-Net input to next U-Net input.

I N\I‘ ! “ﬂ\“ “H \W

\I\W\I

input

ﬂll
Hll"'k mm W jl' ; j;m'

||||
it - m“rl - ,ﬂ.ﬂﬂ sigmoid layer
m " m
stack 1 stack 2 stack 6

3.5: Connect stacked U-Net input to all U-Net input.

DOFHififiElEX 0.0071, 0.0142 7257z, ZD7z&®, Adam ZEHHAL7.

RBIZAR Y JBZFE U, B4 ZAXy 7 % 1 056 8 $TEHLT
50epoch #E &f7bH7-. FEREM 3.2 1ITRT. 4 AKXy 7 FTIEFHHIfEX & <
o TWo 7z, 5 ARy 7P ETIE 30epoch LA L2725 L FgXE iz 5= L,
MR (training loss) &FHIifEZ (validation loss), DZEMAE 720 EFHED
E 2R UDTHE B o7-. $RELTA ARy 7 2FALT-.

RO T— 1% CIFAR-100 [41] %57 L7=. CIFAR-100 1% 32 x 32 DEA
ED RBG OF =Xty N TH5HH, IxkHREGIZERL, CT OFMFLHEL
EOIZHTYIVELD, ZOMifED LIV A ) JT AEREER U, B LY
J U NEifRE AT, OO % ))& U 100epoch F#E X W7z, FHfifii & U
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7% 3.2: Relationship between the number of stacks and evaluation values for
32 x 32.

num stacks | training loss | validation loss
1 0.0070 0.0073
2 0.0070 0.0072
3 0.0051 0.0053
4 0.0053 0.0054
5 0.0053 0.0301*
6 0.0050 0.0173*
7 0.0052 0.0232*
8 0.0054 0.0479*

(a) sinogram (b) ground truth (c) reconstructed image

3.6: Comparison of 32 x 32 images.

Ti% Mean squared error (MSE) 2 L7z. ¥ 3.6a-3.6c (ZHiR&nRd. Peak
signal-to-noise ratio (PSNR) & structural similarity index measure (SSIM)

TENZEN 26.83db & 0.951 TH o7z,

342 32x 32EETODETDER

3.6c TlXV > TDIGFRE AL TE TWABDHRONE. ULRrLENRS, YV
TDANZIIETLTE TV, PSNR B EABA 3 Th 5.

F32ITRT LT, ARV IHERELTEHEAR Y 78 4 FCIEFHlEIZIR~
WZEEELTWL. L, ARy 785 PRIz 5 & ET 5.

U, ARy 7BERE L THUEKRE L T IFEHBED U-Net 1250 2 1HHD
REDRFE L TN TNBZDEER OGNS, ZTDH, X3.4, 3.5 1TRTEI%,
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K75 skip-connection HFAU 72235, FEFRIFEALL 2. TOEHMIZ SIZHED
R DB LEZ 5.

ZOREOEILTIE, HEOVFEMITMA S 2ELTIERN. Lrl, EFEETD
BRIt DR 2 BT 7= DERED DR b7, FHlZEEDE I
BREDH B & EZ 512 x 512 DFENHATUI-.

35 SERFER
35.1 512 x 512 DEKDET

32 x 32 TOEILOMGH % L1Z 512 x 512 TOFH %o 7=,

512 x 512 DEETIIAZ Y 273 05 7 T30 1 TV — a v & P FH
I, WHEAGWP—BRIZ 072Xy 786 28FAL, FHE2iT-7-.

7z, SR ILNEBR T O SR Z T > 7203, SEfERL7z=2—F )
Fv ME 512 x 512 DATIUDZIT TRz, BGEEIDRWGEATIL7425
YA 0T LI 64 x 512 (eg. BHEL 64) 7R EDEiR LD, AJITEIROAY,
BICUBIC %17\ 512 x 512 (ZH5RK U AT U 7=,

AT — X IHEEPE DR L 1T BN, B SHEESREIEDEBRPNETH 57
B, HAREOT —Xty b THS Image Net [12] 225 28463 #ixz hL—=27
Y MZ 1537 MEANY F—Ya vty MLz, TA MY b&UTIE The
Cancer Imaging Dataset [42] [43] ZfEH L, 467 MO %L 7-.

ImageNet ODHELDIHFE IXIXSIESTH S0, 7L —ATr =)Dk, TA
R MOEZEZ WX ITEARIZHLZTI D IKE, 512 x 512 I[ZHYEAHE T scale
U, HIEIZ clopping UHUEi#E U (K 3.7b), HOUE#ZE TIZY A/ 75 Al
(K 3.7a) AL AJHIGRE U=

FHEESE L LTI CPU i Intel Xeon E5 2680 v4 2.4GHz 14 27 % 2CPU,
Memory (& 256GByte, GPU {& NVIDIA TESLA P100 for NVIlink-Optimized
Servers % 4GPU 2{#fHL7-. FED7=HDA T L — a »[E#iE 300 [FTH DY,
PRI 90 FEfE 72 5 7=

3.7b- 3.7c iZN\) T =Y a vy b THEIE L7285 512 O BRI OH]% /R
T, X 3.7a BETIVCANEINEY A /7T LEIRT, ETMIK 3.7c 2HNIT
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5. ZOKDK 3.7b £ 3.7c @ PNSR & 32.24db, SSIM (% 0.963 TH 7.

(a) sinogram (b) ground truth (c) reconstructed image

3.7: Results for validation sets

352 EMBE/®HRTORER

FHITAREE TIT>TE D, AKDBENOERAERDETLITE D085 hidb
MO, ZD720, FERIEHLU TORWEAEGREZ T A My e L, Bz
Torz. FEIZEYIRMEGRZ BH L TORWA, BTk

&£ 33ITTA My M THLHEMEIGRZFRET TNV TEIT LG L HFTFIRE O
gz g, ShER U701k FPB, SART, TV-norm, FBP U-Net, DD-Net
TH5.

BUGEAEIZIE MLEM 312 TV-norm Zf#HL / 1 X %Kk L 7z TV-EM
% [44] Do B, AFERTDH BRI T 20 FFEERZIT, iteration B KO
RMRE o OFAREZATR > 723, B 64 DHET, iterationdd, « 0.001 T
PSNR24.75db, SSIM 0.80, F{7H] 243 ¥, #4128 DIFAET, iterationds,
« 0.001 T PSNR25.59db, SSIM 0.84, 47 421 # & PI-FiEz > SART
REHRTHEE MR L ->THY, FTHS RE WD bk o 72,

FBP & SART I& skimage [45] @ iradon B, iradon_sart BE#UE L
7z. TV-norm (& proxTV [46] ® tvl_2d B M L7z, FBP U-Net |& [25]
IDRINTND XD IZRGEE 512 D (FBP U-Netb12) L8 64 DHE
(FBP U-Net64) OHEEZFNZIUIN LT 475 MOEAEE % 101lepoch FE I
7z. DD-Net & [47] OFEHFAET IV E2MH LT

FHHERBL X Intel Core i3 4130T CPU 2.90GHz, Memory 24GByte % fiif
L, &% ® PSNR & &0 SSIM & & CLERHH 2 FHAI L 7=.

NN
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3.8: TV-EM projection 64 result.

Z ZTFBP, SART, TV-norm (& CPU LT ZFT - 7245 RO UIHHE % 5
HIL7=. FBP U-Net & DD-Net & & OH%EF%id BICUBIC 12 X B R0 %
EOT AR ZEHAIL, FHZ GPU:GeForce GTX 1080 ZfifiL TiHEZ1T->
T OUILERE B FHAIL 7z

REFEONIRRET T R TOEEEUZHNT CPU T 2.358, GPU T0.11s &
—HETH5. B 64 OFMERD CPU TONMEEZ S & FBP 1& 0.21s,
SART 1% 2.07s, TV-norm & 0.21s, FBP U-Net & 6.54s, DD-Net (% 4.99s
Lo TG, BHH 64 DFMELD GPU TOMELEEIX FBP U-Net T 1.02s,
DD-Net T 1.16s &72> T\ 4.

F 7R 64 1IZBWTEID PSNR 13, $#25F41d 27.93db, FBP 1 21.41db,
SART X 25.03db, TV-norm (& 25.73db, FBP U-Net512 i% 19.79db, FBP
U-Net64 1% 22.27db, DD-Net & 22.75db &7%2-7=. D SSIM 1, #REFE
1% 0.886, FBP 1% 0.547, SART 1% 0.829, TV-norm (% 0.750, FBP U-Net512
12 0.581, FBP U-Net64 iZ 0.666, DD-Net 1% 0.717 &72->7-. BHFFRIIEE
64 DEGEIECETEI VENTWS.

3.9a- 3.9h (TG 64 DOIFOHMERIR 2R, RETHRTITHLH, SR
B BIZIERE T —T 4 7 72 RDIRWZ EPRRTHINS.

Wi EGR O E2 ik U725 D% K 3.10a-X 3.10h (277

ERUTAB L, JHEHEIZH HMMRIMNE X EDFRIZEWTHHATLE>TW
5T ENIMB.

RETFIEL FBP U-Net6d AN TIET —T 1 7727 bDBEETH 5. REFEI
REGEEYDOT Yy VIFR<SHTED, HMNIMETIRVMESIE->EDHT
W5,
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(a) ground trueth (b) proposed

(f) FBP-U-Net512 (g) FBP-U-Net64 (h) DD-Net

3.9: Reconstructed image with 64 projections.

FBP U-Net64 TIFINMED S > &b K< HTWE., —f, Hlte FMhrokE
7R DRSS IFREFIETIZIROFHIEE 2 KD TH Y, FPB % TV-norm
TIEFHHA TV 5.

# 3.4 IZFEERA O PSNR & SSIM Z/5R3. $#2EFEDO PSNR i 30.37db,
SSIM 1% 0.896, FBP M PSNR 1% 25.17db, SSIM 1% 0.570 SART %9 PSNR
1% 29.34db, SSIM I% 0.863 TV-nrom ® PSNR i& 29.61db, SSIM % 0.816
FBP U-Net512 i 18.75db, SSIM % 0.494 FBP U-Net64 & 22.92db, SSIM
I 0.447 DD-Net 1% 18.03db, SSIM % 0.510 £72->TH Y, FHMEIITBNT
HHERFENT RTOFEL VENAERLE RoTW 5.
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s

(b) proposed

(d) SART

(f) FBP-U-Net512 (g) FBP-U-Net64 (h) DD-Net

3.10: Comparison of details with 64 projections.

3.5.3 FBP U-Net % ImageNet TREE I/ & & & DELE

FBP U-Net 3% 7 =2 PR VEREB THEE I ETNS ), T—XEEW
S H CHERMEBAFETRVREFIEL 574 U & 512 ImageNet TFE IE LUK
{107z, FEIVOIIHEE 64 OROT—X T, K 3.11 IZFREZRT. F
@ PSNR % 18.99db T SSIM I 0.580 TH-7-z. ZHIIEHBEFRTCHEEI L/
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a0 IRW. SBETEEFX 3.9b ITRT EIIZT—T 1 7 77 MEFEL TWian
7, FBP U-Net OIFEM 3.11 IZRT & D12, HERENIZAROE L, T—T4
777 hTEBbLNTWA.

3.11: Results of medical images of FBP U-Net trained by ImageNet at

projection number 64.

354 IO XAYTF—2avIRIERVWE-BEREREGROEE
S ]

EORERIE, ERRITHEGE AWM 50D EETH S, EREEMREIZR
BOEBEETHILTH S5 DIFRETH L. £IT, FxldeI/AVT—va v kA
I %FEH VBT IOVICHEMR L 2R E A U7z, TOMRZIRT2Z 2T, Ak
S NTZEHRHNERE H I T & 2 0% B 27> 72 [48].

I AVT—a VADET IV E LTI UNet++ [49] 2L, MedSeg Covid
Dataset 1 [50] @ 512 x 512 D% 80 HFEHMHE LTHAL, 20 HMaKEEHE
UTAL, 250epoch D¥E%EFT57-. FHU-ETIVOMGELL Y MBI 5
Dice A3 71X 0.555 2o 7=.

£ 35IZBTAVT—2a v RAZIZBIT 5 Dice A7 2R

REFIRIIBGE 64 L EMGFTFIELHURE S L H L WERE L -TED, 71—
75 —= v TR HAWEZFETH S FBP U-Net X DD-Net (25 LTI RTOEEE
TRWERIZAR>TWA., F£72, TV-norm 1IHEZE 512 225 128 TIRTOFE
DFETHo LB LWERE > TWS. LT SART #EIZ TR TOFEDOHFT—FH
BVERE 5TV 5.
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36 EE

X 3.7c (TRTMGEE v N TOBEMEFERTIE, SOEBROEROES FRECET
INTHY, ARSI ELTETNVDEILEZRLTNS.

UL2L, 7A My b OEMEHGCIRFEEI LD TNS.  THUIEA T
T B Z B b WTER 2T B WEEEZSNE. TDRD, ¥8ty M
KR TH B WG EMZ 5 Z LT, REETINVOMWEER EX 2 R/RHINH
5. 7z, FEHHEHGITREE R TG O A TEREN LIE 3R/
NhHbHEEZD.

3.12: Results of reconstructing medical images with 512 projections.

E7z, REFIRC L 2HEMBHERE FBP U-Net 12 X 2 FEERGER % ik L 7-.

X 3.9b ITRT L DIT, FE 64 IZBWTHRETIAL 512 TEH L0 S
THERSTETEY, /AR T—T1 7727 MPBEREI TS, X 3.9f 1TR
3512, FBP U-Net512 HR2 &, FBP U-Net512 Tld/ 1 RIRESNT
W, ¥ 3.9g 1IR3 & 512, FBP U-Net64 Tid FBP U-Net512 (ZHARS &
J A ZHREINTNS.

ZDEWE FBP U-Net512 28 512 ¥ DEig% FBP Uiz H\WTEE %
FToTWBZETHNTWS e EZS5NS. Z1E, FBP U-Net IZ FBP A%
R BB U T2 ) A A% RET 2 /ERFATOD EEWZ 5 Z EMRTE
%. D%V, FBP U-Netb12 3580 64 D L 5 2FEH LT\ A X% RET
5 Z L3 TERO. £7- FBP U-Net [3FEH#ER D HEBRIE FBP JEIKEFEL TH
D, BIZ/ A XEBRELTVWEEITTHS.

PRFTFRIIBGEA 512 THE LI E0 63, Bovsl 64 DREGTE /1 XhE
UTHEST, FRICHEBIILTWE., ZIUMERTIELV HERER O FIEAAREZ S L
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) stack 1 output ) stack 2 output ) stack 3 output
(d) stack 4 output (e) stack 5 output (f) final output

3.13: Intermediate output corresponding to the validation set with the

number of projections equal to 512.

727D THDEEZOND. TD, REFEIBHOE NI LT, muildh
MEREZ RL TV 5.

ZHUZH U T, FBP U-Net 38T L ICHFPR 2T 083D 5. RETE
IR ED > TEHEUETIVEMHAT LI LN TE 5.

ARG A2 RS 2 (X 3.10b B XU 3.10g), Wik LE O % R KT
T—=T 4777 8%/ AZXDRNE O PREEESNTWS. —J5 FBP U-Net64

TIHHFRDT —T 4 77 7 "DIRETETHEH STV B LA HERTE 5.

DA NIZH 2K ERAME DA T, FEEFHEEL FBP U-Net64 Oij /5 Tlfl
BERE-EDAATVWEZ b hd. KERMETNLALTIE, FBP U-Net64
IFREFIRI AR TSP HER TE TV A Z L b h 5.

H{RDE T2 HMNIMEZ T 5 &, RBEFETIHMEMNEA TV L
FBP U-Net TI3f) 4 DOKRER ) A ANRRATWEZ L0 h5. EidEWI
PZEFEL FBP U-Net ® PSNR $ & SSIM DfEDENE LTENT WS

M 3.13a 2*5 5 3.13f 13BGEEE 512 12 UROIRETED, Hifky hTo&
U-Net OHfEHIN 2R L TW5.

B 3.13a 25 3.13¢ 121, AFEHFANIZHHROFEA RTINS, X 3.13d 2
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S DR NLESD, 3.13¢ THDIIRDMEEHIZ 72 5. 3.13f THI ISR
5.

SART IZ & B HMKTIZ, B 3.14 189 & S ITHEOIPIRAR 2 IZBN T\ L.

3.14: Reconstruction of a phantom by the SART method.

B U 7238005 BCHNS & 512, $RETIE T HIEEROFEREEIEDS, B
IR B> THED, [EREIZELRDHEHMD HIEZERL T\ Z i bhrs.

FTRHOBIRTIE, CPU ZHW56, REFIEE 512 225 128 £ TOREE
BIZBWT SART K0 ENTWS. /2858 64 OLEATHRETIED 2.35s,
SART 08 2.07s &7o7z. GPU TOMMOGEREFEL, BFEFELOVART
DEET EE->TW5

GPU ODN—RY =277 —F 77 F ¥ TN CPU L1372 5728, #L7il
B2 FATS 57201137V T ) RLRHEERMEELS 20ENH S [51]. T4 —
75— =V A EOMAL DR TH B 720, REFIRIFZEP TV T X L%
CPU O oEHTEZ 274K, GPU TETNEF(TTEHILNTES.

EEDMETIE, REFRIIFOP SBEHRIZIAN ST —T 1 7 7 7 M OHED 72
<, B 64 DIRHTEWIYEMREZ RL TWA. F72, ARG TIFFEZFITERE
IS U7ZEHRE R L CORWDS, B ZM % E 2 7RO A1 % Kiis <18
JLTE TN,

BB OA L EHEORGRE WO HTRD &, REFETIE, #EE LTS
LT% PSNR DK FIZ# 0.30db THATWAS. ZIUIRADTF—RIZHE 20
MEMERE L IR T E 5. — 75 SART LTI Bk s L725E0 PSNR
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DL FIFH 2.0db £72>TW5. ZHUIREFEVEEHEDMENIZERWHERZ 5
LNBE NS T EERLTNA.

R S Nz EROFHIRIICDOVWT AL &, BEFRIHIR L -2 TOFELD
EENTAERTH o7z, TNMRETFEDRT —T 1 777 PEFHEIERVWZOTH
peEZoND. ZOMRIE, MED XD FHIZANEE % WD BEDH 5 AL HIE
ZITOBWIIB VT, REFEVPENTHE I LE2RLTNS.

LU, REFECIHEROFHE D %2 R5 L, SEIIEET, SRRSO
FTLETETWRWI A0S, —F, FPBIETIE/ 1 XDduziEliismiss 1a 2
ENTES, REFETIE, BRETIEGOFMESEEETTE TSI LEEX
5L, EMERIZBNTOFMNSG (@mEBED) OREIZZEEIZE MGz FHU
TWRWIZ EIGERT S EFEAS6NS. FHIZEHBEGZRHL TWanWed, EH
W2 OREE DR C T E TV, FHTF— Xy MZE G
ERESHZLT, R EERIZZENTEDEHERD.

FRSSRAREGRDOE IR VT =Y a v R 222 L5, WEIMETIE, REFER
64 B ORHIBHFEFIEICHANTRO RVERE R U, £z, REFER, vk
M 512, 256, 128 BLUV 64 TRTDEHAET, T4 =77 —=v 7 %RHUZFE
T&% FBP U-Net64, FBP U-Net512 & U DD-Net % LA 2555 2 725 7=,
B 512 925 128 DGEIZERD BWAER L 257201k TV-norm 7Z->7-. Z
iE, TV-norm D AN—=AMIZ L B2 EZ 6505, TV-norm 1/ 1 XA%&[RET 3
OIBHEIND D, A ARETIIBELREHRUNERELTLES 222D 5.
5D AT TV-norm (XF2M0N 2 BB ARE N RGBSR LA ) A X572
IRETE, BWICQREREREEICTEZEEXS5NS. —F, SART HEid—#
2/ AXRT =T 47727 MIHWEFEDNTNWED, EITAVT—VavRAID
Bl o, FPRREBIZZSTLUEDS 220D o7z, ZTORIZBWT, BEFE
%, BERESERA MR L2 E A AT =T« 77 7 NERETE, BhTwn
LW ENTES. SN, ¥ T AVT—YaryRATETIIVEKRD Dice A3
THY0.555 LAEroTz. ZHUXFEARRDZHEEZ NS, 5Kl K OKHEED
W T AT =2 a VR ATETIVEERL, FHliT 208N H D EERS.

T4 —=TT7—=V I T, FET—XEy MPIRETFNUIKEVIZEREEDEWNE
TNVEERTEDZEMRISGNT WS [52,53]. ZD728, REFEEZBEHBDOD:
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WEIGRE A THEET— X 28T 22T, Ma 2B BcHRb G O miROKERE A
M Ed5ZenfFCE 5. 72, BEEPDLRVEBROEREROSGEIZENTE,
HEDK RAE 51275705 Z L AMfFI 5.

£z, ETNVEHERLHERRORMA DD EFEZ5. Guo & [54] 1+ Attention
Block [55] # MRI @ GAN (2 X 2 FHE§IZ#EA L7z CT MERIZIGHT 22 8 %
# Z 7=, Attention Block DRFEDFHRIZEHT 2 L WO R, Y1 /2774
5 % BT RIS 5 &\ D X A7 QYR & IXFIVEASE < B2 (30 T & 72
W ST A 7T AEHRIZWIHTEHRO SRR E A EFRICRE U TREFL T
BY, TNSESRINZRRNE YA ) T N Wi 25 2 i & i <
ZEMTERWZDTHS. —} Attention Block 1% Recurrent Model &#AE
B LT, 2RNRRE T A ENTELLSbNTWAS. ZD7d,
TGS BEFRIC IR ERE EE RN 5B 25 Z AT E, KEEH T 5 REM:
NhHdLEZD.

7z, Schlemper 5 [56] (& MRI O g2 DC-CNN [56] & Stochastic
Depth [57] Z#HAL, BWiERZMEZLIBRTWS. Stochastic Depth (% Res-
Block OEAZAHEE U, FEIZT VX LIRESZAEZBHT L L12kD,
BNIR Y b7 =7 OFEOPAEREE D, FENHEEZEC T2 50N TN,
Stochastic Depth (&EMEALER S U CEDEZFHEE 9% ReLU 2432 LTV
57-8%, LeakyReLU ZERH L TV AHREFHRITIZHMIEHT 2 Z 1T TERL.
—%, SEOFERTIE, stack num 2P LS E S LFERHPR LD, #RD
BT 25 L \WSHELH 572, Stochastic Depth D & 5 2kl % #H$ 5 Z
& TR ORNE & AR v Z ORI X 2REEOM EAHIRTE 5.

Zhu & [20] IBHEHD ROL Hiff e GAN ZHAGDET, FEUCHAFY, &
WERT TV AR U2, BETFIRE, Y1 25 AR S Wimmis s masoe s
572000, JRERERET DI LIETERWV. U UATEZMEA LZ8IC, jHEY
ZREL, ROIEifZEMERL, X512 GAN 2#HT5Z LT, BENHET S
RN DB LEZD. F7z, WEAIHD ROI 2V /) J'F L S EHEETLTEN
iE, 1855, 2 9WAED ROI OFE, 3.GAN (2 & DR E U 7R ARk /E
REWS T2 AT W TH4TD Z 2 X1 L7 MUREHO ROI @iz £ TE 572
OFFEIANZHIKT B LN TEBLHEZS.
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%72 VGGLoss 72 ¥ loss Bl Tk URiER I LT 3 kL EA 505, VG-
GLoss & CT B§OHESRER Y THREE EIFCWS [58] BABFETIRREL <
TWARWA, TAEEBRIHEBAIC VGGLoss % 8T U735 A LR AN | U7 d 5
7z. TV-norm 72 EBFFIECTIRED D 2RI 2 #lAAL Z & T, FEL M ET
X B RN D B L BB

37 F&oH

PRETHETIE, Stacked U-Net (26 LT, LA YEEE stack BzFHETLZ L
T, YA/ 77 LEGD WG E R 5 Z LTS .

BREETFIL, DRWEEEEBIC B\ TSR R T E, BTk L [
DEEZIF5 ZENTE S, Fz, REFRIIBMFTIRICHAR TLBEEHE < Fig
AT E B E Vo TENTWS

REINIZETIVE, ERHEGS USSR Z BT E 5 L5 128 ENTE,
F7o, YA 0T LEGgD S EENEEGR A TTE S, ZTORBIZL Y, FBP ik
& U-Net ZfllAdOE7-MFET IVOMERTH D, BN/ A XRrEL
MTERVE WS EE [T 5 Z EATE S,

REFETE, FRO77-00 CPU IZ L 20X 2.35 ThH b, BHFEFE
LFRIFETHS. LU, GPU TOETHIAZGTHY, BFFEL D FWLHRR ]
(0.11s) ZFEHTE D, Hiz, PRWEETEHEMERLNTE, BHFOFIELD 7 —
T4 777 MO NWHRIEGRE E T A ENTESL, BEBERSTIE T, X
RO EZIRS T Z LN TE, BEOAMEWSTIENTES.

UL, BUEDETIVCIE, oS -Wimmiiz 5\ CEElZafids kb T L
£5. T, HBEOWM EVWSEOBETH L. ZOMEL, FEHT—XLy M
LRV VERDIE TN TN 2R, FHET—X Ly MV NIWZ &, €
TIVDFEE U - ERHESROARES AR L TWA Z D E L TWbHLEZ H6N5.

S8, BEZALEIES72012, BBODRVERENATHET— 28y b
EHEES 5, ML—=UZIZHWAEREEY L, HHERORZEYT<T5720
12, R SR FHEHR L R A & D TR O it %2 HAREGRIC N U TEYE
5, IRERITWHEEZ A ELTWL.
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T, TA4—7 57—V DETVEHZH UHEEIREINT NS0, Rl
SNAEETH U THIHG 21T\, EFIVEKRORER EIZ DRI BERH S &
%% %. Attention Block ¥ Res Block, Stochastic Depth, 72 & % € 7V IZ5H
AU, KEmEZDRITS, £72ETAVT—F 727 F ¥ ERE U-Net D3m0 m
ZEZ T BERH B, 2L Position Embedding 2 UALEEHR % HlDIA
&, 3D view O¥EEE LUz NeRF [59] =¥, L1 NL—> v 7O
ZioTWa., LA b= r R38R L FUFEHTH D, BHREEITHEED D -
bbb, BREART—FT7F vy Do CT BEEICRERT —FT 27 F ¥y 2E X
BTN H 5.

SO T, HEEROFHEZ Ground truth & OEEARLEL Y, FEFEAD
VIRV T = a Vv RADIZL o TT R o7z, AlBWHDO R A VT —Ya v XA

2K BEHIN, %< OHEREFHMETE 57280, TETFILVDUGEEIZDRRZDPTL, 5
% AL ZWHCA TIRETEZUEL TV, —, FEEROBEEBIGIZ B CIXER

DBW LR T VEENE S DV MEEETHD. 5%, EIFIZFHEL T 5
W, EREIGCHZ DEBIIEEL TV BELH D LER L.

ERIFEERIZ Ko TR T VWAV T4 Z =Y a vhliEs, SEREDET IV
FLEFaY 74 7= a YDENE KL TWRW), TNENDIAY T 12
L=y a vy st T, EuaENLs sReErH s, ETIVZary T4
L= a v AR &BML, &0 EMBGTHAS TN SGMEITE KA T
EHEDIZL TV BED D B,

SRIDOMZFETIE, stacked U-Net ZFIFHU A, ARy I %HELS T2 LAERN
BT 5 Z PRI Nz, UL, ARy IEELS 2B L, ATIERORERD R
WL VIZH U TED SR RE7-DeFEZ6NE. D& D EEROE LS 274
SIRWMEAZIRET 5 Z & T, stacked U-Net HRDOBEI TR, 72, HED
[ EAMTR B EBER D, F£Tz, BEFIEIEL SART k23R 5 HIECHE 8
LTWBZ AR L. I OIUEBSEBOEICRTHOE TV EZBORO TR
RBERTH LT, REFENED LD BHETEHMERZEL L TWaE 2260
U, IREFEORBERN EEEFEOREDMN FIZbFHF5TEL2EZ 5.
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7% 3.3: Comparison of the proposed method and existing ones.
methods | num projections | PSNR (db) SSIM processing time (s) (GPU)
Proposed 512 29.67 0.907 2.35(0.11)
256 28.43 0.804 | 2.35(0.11)
128 28.20 0.891 2.35(0.11)
64 27.93 0.886 2.35(0.11)
FBP 512 35.17 0.961 1.71
256 31.93 0.901 0.82
128 26.56 0.734 0.41
64 21.41 0.547 0.21
SART 512 31.07 0.949 16.79
256 29.35 0.926 8.30
128 27.24 0.884 4.11
64 25.03 0.829 2.07
TV-norm 512 30.56 0.910 2.31
256 30.50 0.909 1.49
128 29.86 0.893 1.01
64 25.73 0.750 0.21
FBP 512 26.79 0.858 8.16(2.70)
U-Neth12 256 25.38 0.798 7.24(1.72)
128 22.93 0.687 | 6.75(1.26)
64 19.79 0.581 | 6.54(1.04)
FBP 512 23.13 0.733 8.06(2.70)
U-Net64 256 23.02 0.726 | 7.14(1.72)
128 23.01 0.709 | 6.76(1.26)
64 22.27 0.666 | 6.54(1.02)
DD-Net 512 26.75 0.911 | 6.49(2.66)
256 26.58 0.898 | 5.60(1.77)
128 25.51 0.832 | 5.19(1.36)
64 22.75 0.717 | 4.99(1.16)
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7% 3.4: Comparison of details with 64 projections.

method PSNR (db) | SSIM
proposed 30.37 0.896
FBP 25.17 0.570
SART 29.34 0.863
TV-norm 29.61 0.816
FBP U-Net512 18.75 0.494
FBP U-Net64 22.92 0.447
DD-Net 18.03 0.510
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#% 3.5: Comparison of segmentation task.

methods | num projections Dice
Proposed 512 0.556
256 0.545

128 0.540
64 0.546

FBP 512 0.556
256 0.552

128 0.538

64 0.503

SART 512 0.458
256 0.462

128 0.478

64 0.490
TV-norm 512 0.562
256 0.562
128 0.561

64 0.539

FBP 512 0.550
U-Net512 256 0.541
128 0.522

64 0.476

FBP 512 0.543
U-Net64 256 0.544
128 0.543

64 0.533

DD-Net 512 0.514
256 0.502

128 0.478

64 0.437
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Interlayer Augmentation IC K %
BT — 58

AR L7280, Stacked U-Net T CT OFMEZFEH L7200, HEIXWE
CHRORMD DS, FEHAT—XEHPLT, BEEZURTIZLEF26N5
7S, EHEHIEFEEH T — X DBBEED T T A N —7 E O S HRE DT —

IZHARTALSHETH S, AHITIE, #HUW Data argumentation @ f{k%$e
FU, DRV T—ZETH K OEED LD SRS 5.

41 (FL®HIC

T 4 =77 ==V THEHMIEHHINTED [60,61], HEORWET IV
BT 57200, JfT—20EEHA T WA, Chen 5 [62] X¥ETF—X &
1205 U CTRE R 27 OVEREASH BN INS 2 Z £ 2" L7z, fHZIE, VIT [63]
1% 3.75 U ED /A XFE T LD 300 [EMDOEROIEABT— Xy hTHD
JFT-300M [62] THlfENTWD. UL, KEQRT—XEy MIMEKT 200

W RRZ, EAERD X S BRRFED R A A U TIERERT— X E2IET 2DIEAH]
BETH D [64,65]. ZDs, DEOT— R CEMLE TV EMERT 5 HEI MRS
NTE7= [66].

EMEZRE TV R AERCS 2 HBU72 /51513 regularization [67] & data augmenta-
tion TH 5.

Regularization (&€ 7V OPALMEREZ [ L X5 /1L THS. Dropout [68] 1%
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I

regularization DREMWLRTIETH D, ETFNDFEERORPT—R%E TV X LIZ
0 #DT 2T, WEMREZ LIES, UL/ 1 ANOfifEE ) EEt, €5
VBT Y VB LTHRET 5 & 51 LTWB e ShbhTwd [69]. L,
Zhao & [70] % Santra & [71] I% dropout %% 0 ¥z & EHIEKIC LD, KEE
K RZ5ERITEHRELTNS.

7 — & 58 (Data augmentation) [$BHED T — X IZALDBIEE A2 —
X, BEDT —RIPOFTMER LI EGT — 2 ZBhd 52 8T, ¥ET—XE%
B TFIETH 5.

7z Z1E, CutMix [72] IZFHEROMERZ B OBEGIZE SR, MAGhE:
ERDE 7 CVEBIZHBIL TFNIVEIRET S & D IZLHT 5.

Data augumentation (X A7 ZTEITHEEIZEES, F, TANTHIHENDHD
PRI EIRD S 5 L S T\na [73).

Feature space augmentation (&€ 7 )VORHEHIIIZEDWT, generative ad-
versarial network (GAN) 722 HAWTC, F—X%ERL, BT 5 HETH 5.
722U, FETZETNDILYIA— PR32 IV —F20E8B’HD, FVET
VDG, KR4 — P Ty a—RIZ3>TUEW, FEPEEDD, R HH
55512 >TLED [64].

AREiITIE, VA YRITT—X %29 % interlayer augmentation #2%7 5.
ZUT, B E LT batch generalization (BG) & random BG (RBG)
ERET L. RBETHEE, ETMIVAYEIFAT 2723400 T, BFEOETIVICE
ZITHEATE, IoIFBPIIL L OBEDOT —REEKT DI LNTES.

%12 BG £ RBG % VGG [74], ResNet [75] &0 ViT (@ L, CIFARIL0
& CIFAR100 DAFRX AL T, A2 7y F¥EUGE L UFHME L 72, #55%
& LT, CIFARIO Tix RBG T¥ 0.39, %BG T¥ 0.27% OUER R 6N,
CIFAR100 Tl RBG T¥¥ 1.07%, BG T¥# 0.30% OdGEVRR N7z, F
12, RTOT—RZBWT, RBG ZAZ Ty F¥E & 0 EN#EH %2R U7
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42 BEMR
4.2.1 1ERAUME (Regularization)

AR, ETVOPMLIEREZ W X E 270D FETH L. REMLTFIEL LT
1, dropout [68] %, batch normalization [76] %, group normalization [77]
b5, ITNoOFELETE (overfitting) ZBi<Z LT, AUT—XR&TONIL
MREXCMEREZ [ LEE D 2 LN TES.

422 T —#%3E5% (Data augmentation)

7 — 2148 (Data augmentation) [JEFED T — KDL DEEEMAzaE—
X, BEDT =R OFTMER LB T — 2 &2Bid 5 28T, ¥HT—xE%
BT FETH D, RKRNRT — ZIRO JGHEE LTI ALEGE > 7 F 38720,
5y R RIS DT B NS5 (67, £72, “DOANEGEREEDE
% Mixup [78] X, HEHGO—H %R ED D59 Cutout [79], ATEFO—IL
MDOATTEGRD—H %2 G/ 5 CutMix [72] REDFELH 5.

423 %R T — 41858 (Feature space augmentation)

RZE] T — 2R & 1K, T NVOREHIINTEDWT, BOIHERE TV
(geerative adversarial network:GAN) 72 EZHWCTT —X 2R L, T — X H5E
2175 /iETHS. De Vries 5l [73], SR AT TORHBRZEHITDO T — X158 %
MUz, Ho1E, F9A— by a—RZ¥FFE2TbEZ. A—bTrva—XiEx
YA—RXeTFaA-XTHEREINLETLTHY, HigE AL, FUEHGEHITS
ETNTHD. TV IA—XOEINIRHERS MV EfEIRE N, 73— KIRHEANR T b
VIZHEDOWT, Ty a—KIZANINEGREETT 5. Ko3FEIETya—
ZDRHEIAR T DI L, flifflZ21T> 22T, ¥R~ MVEERL, Th
FA-RIZEVEETEILICE>TT— R % T o 7. BRIL, T— X%
o7z BE T U THEE T VEIERL, FE 387,
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43 T—YDFMIERD D

RN NT =X TILEYE (overfitting) AL b, KERT— X TILEFEE
TITKEEA A LT 2D, ZORHIE, NEWT—XOMEIFERCH 2 DI L, K
EWRT — R TIEDMEDETH D72 TH 5.

M 4.1 IZNEVWTF =X & KEVWTF—=RXDEGEDT — ZDHDRAKTH 5.

inside outside

(. ¢ y
\ ‘

(a) small data feature (b) big data feature dis- (c) interpolate feature

distribution. tribution. by small data.

4.1: Distribution of feature values.

INSWT=ZDRHHEIRENT —XDAHLVEHTH D, NSWT—RDGE, €
TUET — XD EMESTT 1 v 85, 207D, ETADNT— XD %E#HST
L, WEENEELLEZOND.

#4132 2T — 2P A RTKT 5 VGG11 ORMEZEM O A DO O#EHE
ZRUTWA.,

7 4.1: Statistic of feature space.

data size min max mean std

10 0.0143 | 0.166 | 0.0393 | 0.0242
100 0.00866 | 0.252 | 0.0377 | 0.0254
1000 0.00477 | 0.422 | 0.0382 | 0.0272
5000 0.00477 | 0.8433 | 0.0451 | 0.0338

RHRZEf D/ 1E e > Y1 X (bin size)255 D A b 7T L TIER L, £0HD
PFffild Kullback-Leibler divergence THIE U7z, & 4.1 ITRT £ D27 —X A
ZHMENNS BIZHE-T, I LU ARWDY, BvMAEIZEA U, sAEEEImL Ty
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5. NI 4.1 D —EH LT\ 5.

EEED S, T—XY A AOENEBET 5720121, FHENEDL SN E 5125
AORIME L IRARIEZ T Z L VEETH 5.

ZZTHXIE, K41lc DLIICZDOOTF—ROMEHIET 5 Z & TH-imT — X
EEXTIENTELLEZ . B UHTZRT =20 2 DORBOMIZIER S i
13, BUMEIRA R 2D, 2 DORMROIMIER X AL, BAEIIAE 5.

44 LA VYET—4%E5E (Interlayer augmentation
method)

MEDZ LG, FET—RIIANT—R7ZFI TR VA YRITHERTE A2 L
Donb., T4 —TI7—=V7DELAVIFREEHH LTS EbhTED, 4
LA YOHIDREIDO LV 1 VY OHNIREEIZRS L EbTW\Wa. FEEZ TV
A Y EOHIOLA Y TlE, T—XERHENRBEL TS EEZ 5N, £/, Yun
5 [72] % De Vries & [73], WRLEE DL, F— XM RZMcs 7 —4&
HRIIFRETH 5.

HULA VRITT — X% 1T5 2 e TENUL, £4DL A YORTT— X5
MTEBLLND LT, BETHAT —ROEMNZNAR =%, BEOT—K%
MHAGDLESLZ LT, T—REENESFETHEOTILNTES.

BRI OWRE LA YPRIT— 2R M1 72, RS, LA PRT— &R0 A
R 152 LT RBG & BG 28457 5.

441 RBG (Random Batch Generalization)

RBG 38y FDOF—Z 055 VAL DDTF—REERL, F—xERT 5/
ETH5. 7NTY XL 4IZEER (forward propagation) 7L T XL %KY

ZIT, x @3Ny FAT, LIINY FANTHET BTN, n i3y FHA X, a
BEG b T Y XLTERENI Ny FANDA Ty I AE, 1o BT 1z,
BEE 2, ITHIET DT, r(0 <r < 1) 1 E7—XH8RE, m (F9:0, 58te D
K AN W HMEIERTH S, TV ALIET VR L batchsize x r fl3y F AT
MHRT P(z,,1p) 2IES, 1, ZBRINIZARTIZEDEEIED. m THY
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Algorithm 4 RBG (forward in train).

Require: batch input @ = {z; :i=0,1,...,n— 1},
batch label l = {l; : i =0,1,...,n— 1}
Ensure: batch output ’ = {z} :i=0,1,...,n — 1},
batch label I/ = {l/ :i=0,1,...,n — 1}
' +—x
from set {(zo, z0), (z0,21),. .., (Tn_1,%n_1)}
choose rn pairs P(z4,xp)
for all P do
m < random number (Gauss distribution)
xh (1 —m)zx, + maxy
Il < (1 =m)lg +miyp

end for

ARG TV XA LTEIRS NIAETH D, EDMHIZHLADMEIZELRD 55, BL
m PIEDETHB7%5, x, & v, & 2y OITET S, ZHudmuNERED 2/ S
HZeEERTS. L mBPEDETH RS, x4 &z, & xp DIMNIENT S.
ZSERRIFEN AL T 5 Z L 2 BIRT 5. 14 1ERT P(xg, 1) POE(LIE ST
D, z, DTNLE mISUTELIES. ZORDENTE, JROAFES N,
RBG FFHliFRHZ I3 B 4707200,

TNTY X5 1% RBG O#ERE (backward propagation) 7L 3) X% /R
LTWa.

Algorithm 5 backward
Require: gradient dL/dz,, dL/dz,, modification rate m
Ensure: gradient dL/dz,, dL/dxy

dL/dxg < dL/dz.(1 —m)

dL/dxy < dL/dxy + dL/dx,m

NEAERERAZ 2, ZRTIZG U TS B 72720, BIEE m 2470 m Z2IES 1K
XT3,
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4.42 BG (Batch Generalization)

BG lENY FDOT—=XNSEL T NIVDRT Z#AT, T—XIERT 5 H5ETH
5. 7TV XL 612 BG DIEERET VT XL %RT.

Algorithm 6 BG (forward in train).

Require: batch input @ = {z; :i=0,1,...,n— 1},
batch label l = {l; : i =0,1,...,n — 1}

Ensure: batch output ' = {«} :i=0,1,...,n — 1}

' —x

from set {(zo, z0), (z0,21),. .., (Tn—1,%n-1)}
choose rn same label pairs P(z,, xp)

for all P do

m < random number (Gauss distribution)
xh (1 —m)zx, + maxy

end for

HAM P RBG OBA LR, BG AL T RVEEATT — X 2R
BLTWEZD, TNVEEIELBENL, TD7), FTVUIH I TH
72\, BG H RBG &AL & 512 3HIIHZ T E 1T, ST LT ) R4
RBG DLOELRUTHS (TNTY AL 5).

45 ZEERER
451 USANEYRIADEH

1%, CIFARI10 & CIFARIL00 [41] i= RBG & BG L, SEHEE%
U, REFHEOERMEZ T 7=.

# 4.2 &£ 4.3 12 CIFAR10 & CIFAR100 {254 DET )V (scrach learning),
RBG %Zi#H U788 B £ O BG 2@ L¥HE X E 726558 D peak signal-to-noise
ratio (PSNR) D3 & fZHEfR 4% R T

FEERBRE Y LCTIE 7L —L7—2 & LT Pytorch 2 L7-. CIFAR10 &
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I

CIFAR100 ® b L—=>Z% vy F D% 50,000 T, 7A btv hOHIL 10,000
Ths. HHThHs7~VEIE CIFARIO T 10, CIFARI00 T 100 TH5. D
728, ZFETNVOREINHIDOEFEG VA Y (fully connected layer) DHiJ1% 10 &
100 IZBIEL7z. VIT Tl [63] 126\, LAYE, ~v FE, Ny FHoa 2%z
TN 12, 12, (16, 16) &L, HDAAL AV (embedding layer) 1A b J A1
K16, #1—32)Y A X (16, 16) DEAAA (convolution) & L7274, CIFARIO
T, IEfEERI 60% L TRINTWVWBIHE ZVWSES> Tz, ZD728), HH
RABLVATYEARNTA R 2, A=Y A X (2, 2) ODIUFEDBEHARZ LTz, FER
CIFARIO T, IEffRA% 84% (2t L7=DT, SERTIXZ O ZHH L.

FFENE 5 [MEFL, 200 TRy 7ET Uk, Hmo#E I 3R AR Nk
(stochastic gradient descent) Z W7z, FEELZA Y 2 —F121& CosineAn-
nealing Z{#AL T _max 1% 200 (Z8%E L 7=.

RBG & BG FZZNZNH 4.2 63 4.4 ITRTHANZHEA LK. VGG Tl
Conv2d DORIZFEA Lz (X 4.2). D728, RBG & BG & VGG11 T 7 [,
VGG19 T 15 [ffA I 172, ResNet Tl ResBlock ORTIZFFA L7 (¥ 4.3).
ZD7z%, RBG & BG % ResNet20 T 9 [A], ResNet110 T 54 [H[ffA X 17z,
ViT T3 ®AA (embedding) D5 & feedforard OFTIZFIA L (K 4.4).
Z®D7z, RBG & BG % 13 FffiAZ N7z, r X VGG11 & ResNet20 T 0.1 %
AL, VGG19, ResNet110, ViT Tix 0.01 Z#HL7%. € 0.4 Z#HL .

< 4.2: cifar10 results.

model scratch RBG BG
VGG11 91.10 +0.09 | 91.41 +o0.10 | 91.24 +o0.11
VGG19 92.43 +0.06 | 92.97 +0.16 | 93.06 +0.06
ResNet20 | 92.82 +0.10 | 93.19 +0.20 | 93.22 +0.12
ResNet110 | 94.69 +o0.06 | 94.97 +0.09 | 94.92 +o0.17
ViT 84.88 +0.13 | 85.34 +0.06 | 85.23 +0.14

CIFAR10 TO¥H0UEEIEX RBG T 0.39%, BG T 0.27% TH5.
CIFAR100 TO¥0eEIZ RBG T 1.07%, BG T 0.30% TH 5.
% 4.4 1ZHET VD augment rate (r)0.1, 0.01 ZNZENTDOIRY 7 TLDHE
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Conv2d
BatchNorm2d
RelU
MaxPool2d

1

Conv2d
BatchNorm2d
RelU
MaxPool2d

J

Bl e el

Conv2d
BatchNorm2d
RelU
MaxPool2d
Classify

4.2: vgg’s RBG and BG insert positions.

Conv2d
BatchNorm2d
RelU
MaxPool2d

resblock
"

I

Classify

4.3: resnet’s RBG and BG insert positions.

i 2 Ledd.

H

452 CT BERYRAI~DE

FEIDOFEREZIT T CT HERE A7 ~EH UHi 21T > 7. FEBRTIX CI-
FAR100 [80] Zff#MHL, 50,000 #% b L —=>2%v MZ, 10,000 &z F—
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. Embedding

:
FeedForwad

- Attention

FeedForwod

Attentlon

' FeedForwqd

' Attenhon

FeedForwod

oy

4.4: ViT’s RBG and BG insert positions.

% 4.3: cifar100 results.

model scratch RBG BG
VGG11 67.10 +0.29 | 69.65 +0.52 | 66.80 +0.29
VGG19 70.21 +o0.16 | 71.10 +0.18 | 69.80 +0.21
ResNet20 | 64.09 +o0.30 | 64.67 +0.11 | 65.59 +0.16
ResNet110 | 66.71 +0.21 | 67.92 +0.15 | 67.79 +o0.27
ViT 60.84 +0.21 | 60.96 +0.18 | 60.47 +0.22

Yarvky b UL B
RO E A H % FRIR
77 NEfgE, HOTEGE S LI

CT FHESA A7 1 3ligE AL,
ZHiHEL 95 BG ITIZEATE 220,

AT —=)EDDE,

13 0.1 Z2fH L 7.

HLUZET VOREZK 4.5 (TR
ARy 784, L1YE3 D Stacked U-Net THH. RBG Offi AfEfTIIETT
ARUTHB, Stacked U-Net D AT & HI1%2ERW =, 2 U-Net DEMID AT, R

B, R O BIREBDA 2 DHDT 11 fEird 5.

ZHIO HLD AR L 7.

R T d B Wi iL CIFAR100 Oz 7L —
ANEHRTH BV
sciki-image [45] @ radon BE#IZ & 0 A=k L 7=.
EffE LT ERATTHDTD, TV
Z D78 RBG OAZFHE L, r 1% 0.05, €
%7z Optimizer i Adam 2 U 100epoch & &17-> 7.

fiR 2K 4.5 ITRT.
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%% 4.4: Per epoch execution time for each augment rate.
model scratch RBG BG
0.1 { 0.01 | 0.1 |0.01
vggll 24.8 30.5 | 25.0 | 31.0 | 24.6
vggl9 28.9 41.0 | 29.2 | 42.2 | 29.0
resnet20 18.9 27.9 | 19.0 | 28.1 | 18.9
resnet110 35.1 90.0 | 35.9 | 91.6 | 35.6
ViT 30.0 40.3 | 30.6 | 42.1 | 30.1
0.1 and 0.01 are augment rate r
Execution times unit is sec
| I Hl il il | l
gl It 7] |
Iy y el el el
Ty ! ! !
1 234 567 8910 1

4.5: 4 stack Stacked U-Net and insert positions.

Z 4.5: Results of RBG on CT Reconstruction Problem

insert num | PSNR(db)
2 26.06
3 26.25
4 25.39
6 25.34
8 26.05
11 25.66
without RBG 27.09

AT NZEh, 2 D&
DGE

1&2, 305EE3HT1~3, 40548 1~4, 6
1~6, 8 DIFH 1~8, 11 DFH 1~11 THh 5. HigD7~-6H RBG % #H
U7Zeh - 72356% without RBG & UL THEFTWA. CT BHHEAMEDGE &R

WiESRIE RBG ZiEH Lo 255 TH 0, dELahoT-.
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46 ZR
46.1 UVTRADEHIRIER

# 4.2 \TR”TES512 CIFARIO TIX RBG & BG Wi H A7 Ty F¥E% |
545 L7572, VGG & ResNet Tl RBG & BG DOz <, VIT Ik
BG £ 0% RBG DIZS MR WEEREZ R U=

# 4.3 1T13F L5112, CIFARI00 Ti& VGG & ViT 2 RBG A7 7 v F%H
% ERpfER 7572, —F, ResNet TlE, RBG & BG DMliiNAT T v F4
%z ElDY, BG A RBG % L[> 7=,

4.6, 4.7, BXUX 4.8 1 CIFAR10 T®D ResNet110 OFEihHR% R L

TW5.
train loss train loss(detail)
25 0.0200
0.0175 4
20
0.0150 1
W 151 0.0125 A
B
o 0.0100 4
£ 10
0.0075 4
05 4 0.0050 1
0.0025 4
0.0
T T T T T T T T T I}UOOO T T T T T T T T
0 25 50 75 100 125 150 175 200 15 170 175 180 185 190 195 200
epochs
4.6: resnet110 cifar100 train curve.
test loss test loss(detail)
20
w151
B
w
wy
= 101
05
0.00

T T T T T T T T T T T T T T T T T
] 25 50 75 100 125 1s0 175 200 165 170 175 180 185 190 195 200
epochs

4.7: resnet110 cifar100 test curve.



4.6 F% 69

Top-1 accuracy 5600 Top-1 accuracy(detail)
. = sCratch

et
. 95 75 REG
; --- BG
95 50
"

3

9%.25

---r =

b'.

g

9%.00

aCcuracy

-
A

94.75 f Vi

94 50 \/’\/\/\_/‘"_\-—

5135 /\J/VA

. . . . . . T ; : 9400 T
D 25 50 75 100 125 150 175 200 5 170 175 190 195 200

epochs

5

=]
=1

4.8: resnet110 cifar100 accuracy.

scratch & BG T, Fl#E%k (training loss) 2% 7 A MEL: (test loss) &0 b
NS, FE (overfitting) AWEZ 5TV, LAL, RBG CTIEAIHEIAT 2
MEEIDBEKREL, BFHIIFHEL TR, BG O5E, JilfERIX0.19, 7
A MEKIX 0.10 (IZPER U 7=, scratch T, FIHEKAY 0.22, 52 MEKA 0.02
KU, 20720, BG OIS WNEFEITENEWR S,

AlfgHEL e 7 A MEKDZEIL, scratch & BG TI/NE 927253, RBG TlIANH
B 0.64 1IZPERL, TAMEELD 0.26 ZI3ARE B> TW0 2 2, FiE
F=RETFANTF—RZDOMICTEMD D > 72 Z L 2R LTEY, Milhke UTHRHL
7= 2 IO & T XOVDOEHETIE, T—2% 5 FLMHETE VRV L 2R
BLTWW5, AWFETIE, Bz ~2 MLOBOSEME L. UL, BEzEmo
REIA > TR T AL, BT — X &7 A b T — X OTRBEH DR <7220, KR
WEINDEEZ LN,

7, BG O5%f, FlEL e 72 MEEOTEREE RBG L 0/hE L, ALIN
LVOMTHEL7ZT =X TET A T =R EFEWZERIZT =R PHELTWE Z &8
b, Tk, FAUITVORMTIE, EWERICOGELRS 278, NS £
&, TN FL Vo TWVWEI L ERLTWAS.

scratch, BG, RBG O 7 X MEXIZZNEH 0.02, 0.10, 0.64 72> 7=DITH
U, IE&R (accuracy) 1&ZNE1 94.54%, 94.76%, 94.90%, 7257z, EEHED
Tl RBG & BG OAIFAERETIIZL, JfHER L T A MEROEIFEIX
RYLHRD R S 1223720,

VGGI11 & ResNet Tl r &L TO0.1 %, ZOMDETNTIEr &LT0.01 %
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I

L7z, 20k VGG19, ResNet110 X VIT O &k 5 BHEWET IV TIEL — b
WREL2d e, WREAEL RIS THD. T, SEIFEE T IV
RBG & BG 2fiA L2728, BEWETIVTIIEABDIL K20, T—RDER)
KREL RV TELZDTHDLeEZOND. 2 1% L 0 IERECHIETE 2P,
FAEAZESTHREDTRIZED, L= ARESTHERVERMEONS EFZ
5. REFETE, V- FPRSTNUTKREWVEY, HAINEZZELV IV TEL<D
F=RPERIN, JULMEREN T BT 52 2k b. 77, EFIVI LISHEYARFA
fiEE L— b 2FETIUE, SOICHERZEDD N TELLERS.

ViT Tid&K 4.2 BXU 4.3 1TRT &1, EMERIE CIFARL0 T 85.34%, 60,
96% &7->THD, VGG X ResNet & 0 KiEIZE. RGB 12 & 0 IEMERIEH E
LTWadDD, KEilEZT—%2y bTHEELR, VIT X 99.50% Zitdk L7z &
WHNTW5, BEFRIIARI T — 22y N EEET 23 EEAHoThE L
WZ 5.

F725K%4.412LDT L5112, RBG 8LV BG OFETRIEIZL— b r 23 0.01 O
scratch DFATRIE LIFIFR U o7, ZD XS, REFEOR L U IR
MIRFEDL LSRN LT 5NE. r D8 0.1 ORHIREFIEDFAFRIMIL scratch
EOKRELRH>TWVWD, ZHUTEVETFILVTIHFAREDL 725720 TH Y, A
BafiFEdssZ LT, FHEES TN TES.

256 x 256 E{& T D

ARFEDNS VEBDATEINTH S ABMNEDND 5728, 256x256 D EIEIZL
U RBG 8& U BG O HZT WM 21T o7z, FEIHEHLT—&% &y M
Imagenette [81] Z{#H L 7-. Imagenette I& ImageNet DY 7y N THhHbO, 7
J 280310 THB. FET—XIF 12900 #% Train set & LT, 100 H% Test
set & LT L7z. Optimizer i& Adam 2L, &KX 0.1 &L, resnetl8
B LU resnet20 125 L 200epoch FE X7z, kEREZR 4.6 1TRT.

resnet18 (ZH W T accuracy (& scratch T 80.20%, RBG Tl 84.20%, BG
Tl 78.60% TH 5. resnet20 2B W TIE accuracy & scratch T 73.00%, RBG
Tl 80.20%, BG Tix 75.20% T®H 5. resnetl8 X resnet20 Tix, RBG
DFERD scratch & D BAERDEL, BG & resnet20 T, scratch & 0 £ RS
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7 4.6: Imangenette 256 results.

model | method T € | accuracy

resnet18 | scratch - - 80.20
RBG 0.1 | 04 84.20
BG 0.1 | 04 78.60
resnet20 | scratch - - 73.00
RBG | 0.01 | 04 80.20
BG 0.01 | 0.4 75.20

EHESNTZ. ZOZENSIEETFHEIREVEBRTHENTH S Z Dbz,
7»D CIFAR10 % CIFAR100 TOFEHOFER L VL, UEEREIARE . FD7-
b, KREWVEBGIZNUTHEAUZIED D L D UGEESIERA A X WATREM D 3.

CutMix & O3 FA 5T iff

7z, W7D Augument Fike ORI H 5 2 MRS 57012, Cut-
Mix EARFEEZMHL, FrziTo7z. FENSEIE CIFARIO T#5%. Optimizer
X SGD T, resnet20 (ZX LT 200epoch F&E%17->7-. CutMix (7~ %24
g 572012, BGIIMHHTE R, D728 RBG OATHHliZ17-72. #iR%
KATIZLOT.

# 4.7: CutMix combination results.

model | method parameter accuracy

resnet20 | CutMix | 6 =1.0 p=1.0 | 92.45 +o.10
CutMix | =1.0p=1.0 | 91.89 +o.07
+RBG | r=01e¢=04

CutMix B{RDEEIIEEIX 92.45%, RBG Z0tHLZEEX 91.89% TH 5.
CutMix & RBG ZftH L 75&1%, BMERMETLTWS., TORORETFILIZ
CutMix & IZBHHTERW. UL, £4.212H5&S512, RBG DADEMHDY
BONEEI 93.19% TH Y, REFHEDIZS A CutMix K DENTNWS.
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46.2 CTBEBRIRAIER

4l RBG % CT F#A A2 1@ L7205, RBG @A LDETIVE AT
FERANEL o7z, ZUE, 7T AR AT TIET L2\ D KEDRIEMRIZE L
T, flifflZ2175 2L TRERD 5727 NUDMER I N TV A, CT RS X A 27 Tl
IEFRERTH D, BRI RZANEE IR < 72D EF WD D5 727200Th
bLEZD.

EEROFEMEDRE % epoch ZEITBERT 2 LM 4.9 1TRT X DIT, FiT 5 &
SEEERLTWS, ZHUE RBG IZLAHEIZE D, AkDFEET—& LDk

26 4 V\
25
24 -

237

PSNR(db)

224

214

204

19 1

T T T T T T
v} 20 40 60 80 100
epochs

4.9: Insertion number 3 learning curve.

HE PN T — ZPERI N, FEPLZEL R B>TNWD AL I ENT
E5.

F72X 4.10 1TRTDIF, 78 2 MO HEEEGZ RBG 12 & DU 7z @iz 4
B U7BITH 5. A 2 MOERIHAZ NZBETH S5, 1 DDIXEEROFEFHDM
JRR IR I > TWD, CT FRERIC BN TER X 15 A & i 38 B o P A
FFIRTHEIRNETHS. £72 2 2O, EHEDHFIMHEDED I DT 7 AF v
HIROLTWA., 2O X3 IZERD RBG TN S £ WAe, Akimnidd
DIEEOEEAEMESRE U TERSINT WS, ZOZ s, FHEROT—X 2
DB BETERDMERR S 12 Z 23D £ WD WERIAIZ > Tnd e FHITE



4.6 F%

4.10: Example of image intrpolation by RBG.

5. ZNoDWEDDITIE, EMEEROMEEEZ TRL, AROMEHRA RO
HPHZID D Z W TEDEDITT20EDDS.

EEEH DO RE
EEEED S, AIROCCREFERDIK LD S Z S\ & S IZmiED HiEE2 R 4.1,
X 4.2 (TR HE (W) IZEE U7,
2, (1 [ml)z, + [mlay (4.1)
, — (1= [ml)la + Imls (4.2)

EEZEHEDT RBG Z#FE CIFAR100 EifkD CT PR X A 212 F i L 7-f 8 %
R A8 ITRT. HHLAZDIE 4 BD Stacked U-Net T 4.11 (2RI ZF
NOEFHZ LT, RBG 2 ALT r=0.1, e =0.1 ¥ UEBRZIT>7~.
| — ] — ] —
g - ||l |||l

I ! s T
1 234 567 8910 1"

4.11: Insertion points.

fiRiE, K 4.81ZR9@Y, RBG @M L72\WEE (scratch) D 26.68db &
gL, AR 1, 6, 7, 8, 10, 11 ORHIENFERZS/2. KT 11 OR#HE
27.13db & —FENIAERE2G72. K 4.8 TIHEPLICHAT 2 L 0B BITHAT S
1Z5 7% PSNR H3GE LR WEHAZNR A D, Tt o/ 5 Ak & Wi
MEED RN b EFEZ SN, WIHEEMETLINTETWD, ZEOMMEARIHAIC
N TWbeEZOND, EETIERMIZ DA L7272 o720, Z8dHA
U, 7 X e ZFEIE RBG O TOZRADLNE SIZHEEL, BFETEIRPKREW
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% 4.8: Impoved RBG’s mean and variance.

insert point PSNR

scratch 26.68 +0.58

1 26.94 +0.40
26.17 +0.31
26.67 +0.14
26.18 +0.34
26.30 +0.52
26.70 +0.22
26.94 +o0.25
26.77 +0.23
26.60 +0.24
27.05 +o0.16
27.13 +0.45

O |0 | |0 | O = | W | N

—_
)

—_
—_

LIS 5 Z & T augment NS data DEAIEZ I SITHEESGENTE S L
ERB.

47 F&H

AETIE, interlayer augmentation Z#%£ L, RBG & BG % B Fike
UTIRE L. TNSOFERFEMTH Y, ZOROFEGOFHEIZ MIDLRLT
FL. ZhoDFEE, CIFARI0 LU CIFAR100 X 227128\, VGGI,
VGG19, ResNet20, ResNet110, ViT OAZ v FEE% L 55ER 2572,
2, TRTOT—RZENVT, RBG EAZ 7y F¥EL D BWEREZRUZ. #2E
FHRIE, BBV — b (r), HVANHOEHERE (m), FHARLEDNAN=NT
AZDDD. TNoDNA =T A X DO EIINHETHD. £7-, TBEL
7= FHEIL 2 DDT =X R MVOSIEAHEIT, Hitzia T — 2 Z2FkLTH D, HD%E
2 T ERTE TV,

SHBOBEL LTIE, 2 DDT =R MU O] & R o Eizin S £ 5
IZTBIET, BERZALEXEELEHIZ, BTG TRER/ ST A —XPfA
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WERDITBIdDNA NG A= RPFREITI Z e T onsb. &z, 7T
U ALOWHE EHERL — b (r) LFABES K § 5 LFEBEET S, ZhoD
INAIRN=RT A= RDBGE L FEDBEHRITIT ML — A TIMEET 2 Lbh, &
BRERL — b (r) SRARE FEUEROBREHSNITHI LB RETHS.

72, RBG % CT BH#EICEA L5613, FEBENEMLZ. 7t RBG
ZTEDREDOMEIRE 5 £< S FRHTETH ST, FHBKMOEH Z/RL TV
5. I ARETEBBENLHFATOREHD-®, RBG IZX DKEENM LU
W, EHROFHERZ A7 TIEY 7 AL AR T L O M WEROREEAZER I 1D
ZD7=®, CT HEOFHERIIZZDOE L TITHEATE R o7z, UL, FEHEA
7 OFE%EZREL, filR2DUETET 57213 T, BENM ELUAERE2E2 Z2h
T&E/. Zhuzky, CT H#ERZ A2128\WTH Interlayer augmentation 134
JEDUGEIZEHF G TE 5 Z L ARSI N
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5

=

Stacked U-Net DR

Ak L7238, Stacked U-Net T CT OFHEZELR L72HDD, HEIT VX772
ICHRORMMA D B, ZDIHETIVEKEWNRT S L CTHEEZR 5 HikE#R
95,

Stacked U-Net 1% U-Net #ZJ@HER/ZETNTH Y, MWD S EEROZ B (H
Hah, ERBE (ARy 78 2% < $5720TRIEDA ET 5. Stacked U-Net
FARY V%% <5723 T, BENALETSE7201Z, FHLPTWV. —HTA
Ry VPHIRELL D TED L, FWEIES RS,

AHiTld U-Net @ skip connection 2R L, @EEAKEEKD Z2EAPTLTEHE
FNEREL, ARy ZBEEPUTHHEEMENL 6L 85I L 2RT.

51 EL®IC

Ronneberger & [15] i& U-Net 227 A>T —Y 3 VX AZIT U THRELT-.
U-Net /& Convolutional Neural Network (CNN) €7)VC, Hifrz ASL, [
UH 1 ADifR% 119 % fully convolutional network T 5. U-Net OffEIX
TVA=FTqrTe, TA=TAYTIIRELAPN, T2 =T 1 7 TIHEHRIZ
BB 1, N IERE CAEEIE RIS RS LTt e NS, Ta—T
VTR R Z B &I BRI IR R 95, 72 skip connection 12
K OFEUBEEOTY a—F 1 v JHEROKEIEHRD, Ta—T 1 I ns.
No OGN U FHEE L 72> T\\WA 728 U-Net LFHENT WS,

U-Net 327 AV T—2a v ZAZIZBEWTHES L7720, Hx RBURD S
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B, U-Net 12 residual block [27] ##lAAHE7= Res-U-Net 28], Dense
Net [82] &#flAEHHE7- Dense-U-Net [83], U-Net++ [49] DHERINT 5.

Stacked U-Net (ZH5WTH Res-U-Net Z#H L [30], ERZED (stack L7z
HLED) PREINTVWEH, HRIZ U-Net 28HNRT E 5 LHEEIENT 52 L hE
fixhTns.

AREETIE, stack BUZ X DHEEHMITN S ML LT, Skip Down # & U Skip
Feature 22 L, FRE17o7-. #ERE LT, CT FEMERK X A2 TlX Skip Feature
IZBWTIIEFETIATH S Skip Normal & W RWiHTifEZEG2 Z &R TEz. F-
Skip Down HEWAX v ZHTIIRWERZRUT-.

5.2 BIERFR
52.1 U-Net D&E

U-Net 1$E &R HY skip connection (2 & D EBEIZED D P TWVWE EbNTW
5. —HT, HEDHTIZI 6RPBEORMDH Z728, U-Net (WA \WA7%H
ETHRINTWS. Zhang & [28] I residual block [27] & U-Net ZfflAaaH
72 Res-U-Net 2% L T\ 5 residual block I3&E%RA 570y 7 THY,
CHhOMMIZE Y, ARHEEMEIINLL, FEARCETIVEERLPT LT
%. %7z, Zeng o [83] Dense Net [82] & U-Net %#lAGHHE 72 Dense-U-Net
EZHEL TS, Dense Net [T RTOLVA Y —2EHEEHIE S Z & THRNHEE
(DRI T 5.

5.2.2 Stacked U-net

Shah & [31] i U-Net % 7 Bl EX LA HEL TS, 5L A Y5 —
v a v RATTH B EHIERE (land cover classfication task) (2 stacked U-
Net Z#MH L, state-of-the-art DfiHR%Z1F7z. Sevastopolsky 5 [30] ® stacked
U-Net % optic cap segmentation (Z#HU7-. %51k U-Net Z 1 @05 20 &
ETHNLETVT, FRETV, 1505 15 BE TR ITHRMSEL 15 BT,
—HRWEERZG7Z. LU 15 BURIR 2 ITHEENEILL TV o7z, D728,
stacked U-Net 132Xy ZBMPKREL 2D TED L, BEWES 25 Z L 2HERMLU
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TW5 [30]. oI Z OREIZHALT 572012 resblock ZEFH L7z, resblock i
BB DA RBITAEA B 720, @R PREIED D2 I 30, #Eaty b
7 — 7 THEEDARRIZR D L DN TN S,

5.3 Skip Connection DX R

Sevastopolsky & [30] I stack # &< 95 557%k& LT, residual block Dj#
F%EATo7273, HIRE LT stack BEHEL T5 LHEEITE(LL TN 5.

Z ZTH~1E, U-Net IZRA®D skip connection (Z#&H U7z, U-Net (&2 D
skip connection {2 & 0 @RS DMRFEEI N, BEIEDDPTRDEEDNT
W, UL Han & [84] 255 k510, EABEAE FCEL SNTORL.

F7-Fi4 DEFRTIE, residual block IFfHRIZBEFEDOL A ¥ L EZHZDWHET
HDN, T FERTIE stacked U-net (Z#H L THIPR L A 57z, Dense
U-Net 135 % Dense 1Z skip connection TORWTWL DY, ETII/NT A XD
IR0 FEMNEL LD, £7225 565 PNRFEERCIER L > 72,

Z D754 D skip connection ERZMET 54D, ETIN/NT A XME, UK
HTAHEMEEZ, R U7 skip connection Z$E5 7 5.

5.4 stack ZLDIEMICTH A % skip connection #&

A By ZROBENNT & DR TN OH & ARSI 2D & ARk ThZawn
MHTHDB. TD=H, FHxld U-Net D skip connection 2R L, EEHDA
ZARA ZK5ETH S Skip Down ([ 5.8) & Skip Feature (X 5.9) 2K L 7-.

U-Net OREIZX 5.1 [ITRTEY TH 5.

TYA=F4 VAV 5.2 DFERTRIFATHS., Tra—FT1 7o
VITITARTRUHEEZ L TED (K 5.3), &FD 3 x 3Convolution, BatchNorm,
Leaky ReLU I2& 0, #BOF ¥ > rWiZkiEEZMHE L, Down Sample L1 ¥
(Tl stride2 @ 2 x 2 Convolution) (2 & O EROY 1 X% 1/2 1IZHNT 5. T
YA—T 4 VIV VIMEICEERSNT, FEEEET 5.

TA—T 4 VIV YIIN 5.4 OFANTRIHEATHS. TI—T 1 TLAY
BT RCAUEEZLTEY (H5.5),
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512x512x8

512x512x1
128x128x32 HIH
| 512x512x8
64X64fj:;32x128 IIHHIH 256x256x16
B heraso B Hl 128x128x32
Input 512x512x1 TInpn 8xexs12. 'DlD"IDHI il 64x64x64
'TITT —T1LT 32x32x128

conv2d 3x3 BOBED  gygysqp 16Xx16x256
Batch normalization 4x4x1024

Down Sample conv2d 2x2 strides=(2,2)

[ |

]

|

7] Leaky ReLu alpha=0.3
]

[ Up Sample 2d Liner
|

Concaticate

5.1: Structure U-Net.

512x512x1

R

H’I HlH 512x512x8
!

256x256x16
I 128x128x32
01 IIID IH.I 64X64X64
32x32x1
B0 gy8x512 16x16x256

4x4x1024

5.2: Encoding layer’s in U-Net.

7D Up Sample LA ¥ (BTl Linear Scale) (Z & D HifROY 1 X% 2 £5I1Z
KT 5. ZOH LD Convolution3 x 3, Leaky ReLU 12L& b, F¥ >R ILODfR
%17\, Concaticate L1 ¥, Convolution3 x 3, Batch Norm, Leaky ReLU
IZ& D, encoding LA Y5/ IEHEHET 5. encoding LA V5 DNHRIZ
5.1 BXUM 5.6 IZHRRTRT skip connection IZ & DEZ 51 5.

0D, T—A—TA VI LAVEeTyIA—T 1 VI LA VIFRIUBIC RS,
@ skip connection IFFHEIFRZ RN Z TS EEDNT NS,

FRU7Z&S1, Zyva—Rbo VidmEGEfNT 5. TSRS b
TV Z L 2EIRT 5.

T L, @RS XD EMIZ skip connection TIEZA 515 X (1T
deconvolution ZH#E/NL 724 A — TR U CTHEME U BEHEOILRZFT\,  F iz i



80 % 5% Stacked U-Net DR

5.3: Encoding layer.

512x512x8

256x256x16 M

\ 512x512x1
128x128x32 .
1] [ .
64x64x64 HI 256x256x16
111/ @

IIIl5xiex256 _ T‘“w 128x128x32
L ‘@ 64x64x64
e @ 32x32x128
poEEm 8x8x512 16x16x256
4x4x1024

5.4: Decoding layer’s in U-Net.

5.5: Decoding layer.

»
>

5.6: Skip connection between encoder and decoder layers.
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I conv2d 3x3
Batch normalization

Leaky RelLu alpha=0.3

Down Sample conv2d 2x2 strides=(2,2) HH HIH

O N 0O N

Deconvolution 2x2 strides=(2, 2)

5.7: Skip Normal.

Algorithm 7 SkipNormal.
Require: Leaky ReLU output @ = {z; :i=0,1,...,n— 1}

Ensure: batch output y ={y; : i =0,1,...,n— 1}
skip connection output z = {z; : i =0,1,...,n — 1}
y < DownSample(x)
y < LeakyReLU (y)
y < Conv2d(y)
y < BatchNorm(y)
y < LeakyReLU (y)

AR el

o5 2 LT, mABRRAIERD LI

HH D U-Net @ skip connection % Skip Normal (X 5.7) &4 %. 7 I
DAL TIZEMA—FERT. 22T ldzra—71 LA YOREHH
T 2H/NTBHID LeakyReLU OFER, y kT a—74 27 LA VYOHI,
z % skip connection i I TH 5. DownSample, LeakyReLU, Conv2d,
BatchNorm 3ZNZNEHTH . DownSampe 1% 2 x 2 D stride2 @ Con-
volution, LeakyReLU @ o 1% 0.3, Conv2d I& 3x3 @ stridel ® Convolution,
BatchNorm @ € 1% 0.00001momentum 1% 0.1 TH5. TINITV XL T T,
BIZ z 12z 2ZRALTWS. T3, Mg 2RO REZ HFIZ decoding layer (Z
EATNEEWNS ZETHS.

e DRES DB ERRARPT < THMED—DHIZ, M iz BIThL



82 % 5% Stacked U-Net DR

K 5/ETHS, Ik Skip Down 47z, (K 5.8). 7NAITYZXA 8T
FEla— R%&Z/mR3. 22T Deconvolution 3B TH D, kernel ¥ Xl 2 x 2
T stride2 T#H 5. SkipNormal &I&#E\W\ DownSample 5 & LeakyReLU %
W U 72855812 Deconvolution Z#H L ZDFGRE x D&% z L LTW5S.
DownSample I1Z &> T\ o 7z AN Nz EifR % Deconvolution 12X DHLKT
B LIZ& D, MM K ORI 7212 R o 7 E @ 551K 2 Eizkwy,
R TET DY 2 12558 2 & 2L T 5.

M conv2d 3x3
[ Batch normalization

"] Leaky ReLu alpha=0.3

—

1 Down Sample conv2d 2x2 strides=(2,2) m HIH
[] Deconvolution 2x2 strides=(2, 2)

5.8: Skip Down.

Algorithm 8 SkipDown.
Require: Leaky ReLU output € = {z; :i=0,1,...,n— 1}
Ensure: batch output y = {y; : 1 =0,1,...,n— 1}

skip connection output z = {z; : i =0,1,...,n— 1}
y < DownSample(x)

y < LeakyReLU (y)

z + x — Deconvolution(y)

y < Conv2d(y)

y < BatchNorm(y)

y < LeakyReLU (y)

H 5 —2l&, convolution 239h > FHEIZN LT, #EKZ2ATS HILKT, I
% Skip Feature 241372 (5.9). 7TV XA 9 (5Bl a— K47, Skip-
Down &I3#EW, DownSample \Z X Dffi/hE7z5 2T LeakyRe LU, Conv2d,
BatchNorm 8 &0 LeakyReLU Z#H U 7-45RIZx L, Deconvolution LT
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W5, EROY 1 X% Z 75\ Conv2d, BatchNorm 8 &0 LeakyReLU Dt
FIE, R EEZ R L Twb e Wwbh, ZO7koMNE NEk kb
725 A, RSO AR o TR AR LR T S 2 LI, ZTo#ETEDbN
7z, TR L ORI T &l S 7z % skip connection TEZ 5 Z &

2785,

B conv2d 3x3
[ Batch normalization B

"] Leaky RelLu alpha=0.3

] Down Sample conv2d 2x2 strides=(2,2) HHHI{
[] Deconvolution 2x2 strides=(2, 2)

5.9: Skip Feature.

Algorithm 9 SkipFeature.
Require: Leaky ReLU output « = {z; :i=0,1,...,n— 1}
Ensure: batch output y ={y; : i =0,1,...,n— 1}

skip connection output z = {z; : i =0,1,...,n — 1}
y < DownSample(x)

y < LeakyReLU (y)

y < Conv2d(y)

y < BatchNorm(y)

y < LeakyReLU (y)

z < x — Deconvolution(y)

55 RERHER

R U 7R8I U TR 2 RS 5728, —DDXRAZ TiHtizfT>7-. il
DIFERTIE, Intel (R) Pentium (R) CPU G3260 3.30GHz Memory 24Gbyte
GPU: RTX2080Ti Z{#H U 7-.



84 % 5% Stacked U-Net DR

55.1 X VF—3VIRY

U-Net 3b e bt ArTF—y a vy RATHICBFI NG, TDR), $T4
TRAVF—2a VY RAY Tzt o7z, ® AV F—Ya v XA TR, 5.10
R &S, HHR S 5.12 1R T MIBIOBER A2 R IR E 1 L 2 HINE L
TWa5.

FhRTlE, 2D EM segmentation [85] 7—& &y brs, 168 MOHEERE kL —
ZVHAL, 12 MOEGRENY F—2 3 VI L. ETIVOREIXX 5.1
ITRTED TH 5.

2ZRZy 78IE 1 S 8 I8 LI L —=227% 30epoch EfiL7z. N F—
vavty MBI IO MSE 133K 5.1 IORTHERE - 72,

7% 5.1: Segmentation task stack results.

stack num | skip-normal | skip-down | skip-feature

0.380410 0.38422 0.380422
0.380421 0.38422 0.380422
0.380422 0.38422 0.380421
0.380422 0.38422 0.380422
0.380422 0.38422 0.380422
0.380422 0.38422 0.380422
0.380422 0.38422 0.380422
0.380422 0.38422 0.380422

NI || O =W ||

fEHIE, Skip Normal ZAZX Yy 781 o 3 THELTWAS. LA L, Skip
Normal, Skip Down, Skip Feature DIZIFETORERLFE U2 o7z, KRZ Skip
Down & Skip Feature 1% 0.34822 & Skip Normal DA X v 7# 3 LB L [H U
otz HHINAERIZ 0.34822 DA, 511 ITRT KD IT/ o7

552 TIAVFT—IavIRIDERER

FERTIZ R U7z & 512, Skip Normal TIXAZ y Z78H 1 525 3 ORYIFAEEM
dELZEHDD, Skip Down ¥ Skip Feature TIE2 T DA TlE URHEiE & 742 -
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5.10: Input image. 5.11: Output image. ¥ 5.12: Ground truth.

5.13: Segmentation results.

7z. Skip Down *° Skip Feature Tl Skip Normal (ZEWTDAX Y 7% 3 LA
BEDFHHfEDS, AR 7 1 IZTBWTEBRINT WSO, FRMIZRITTWSIE
MEEASNTVDELDLEDND. IRFETDAR Y ZHUZ BN TIH—OFHHiE &
o TWABDIE, XRAIWETELOTHELeHE25. — NG (K 5.11)
% ground truth (X 5.12) &HR2Z &, HHEE TSRS T+ Z—2a iz
720 TH DIBRAERY (X 5.14) X, TRIZRL<L>TWAH (X 5.15) d 5.

5.15: Disappearing objects.

Il Skip Normal THEU X SIZHATWA728, U-Net & skip connec-
tion DWRTIE, MHETERVEAITHDLEERS.

55.3 CT BEKMEE

T CT AR TR 2 R U 7z
ETNVORGEEK 5.16 (TRT.
ARy 78T 1 25 10 FTEAZE 100 =Ry 7FEIE. NVTF—Yay



86 % 5% Stacked U-Net DR

e i ===
ot — d
IONNE-8xB8x32 RTTLLLEL ] 32x32x8

SRR | L 16x16x16

goEnm 8x8x32
4x4x64

Input 32x32x1
conv2d 3x3

Batch normalization
Leaky RelLu alpha=0.3

Down Sample conv2d 2x2 strides=(2,2)
Up Sample 2d Liner

EE N ENENE

Concaticate

5.16: Structure of U-Net for CT reconstruction.

v b TOFID PSNR %23 5.2 (TR

% 5.2: CT reconstruction task stack results.

stack num | Skip Normal | Skip Down | Skip Feature
1 25.58 25.95 25.73
2 25.41 27.33 27.32
3 26.65 24.76 26.13
4 27.35 24.6 27.86
5) 26.38 26.32 27.18
6 25.27 25.37 25.71
7 26.83 26.29 27.00
8 24.49 26.09 27.65
9 25.84 24.88 26.68
10 24.11 24.20 23.79

Skip Normal 1A X v Z78H 3 D&% DZE\WT, Skip Down ¥ Skip Feature
LD IENEEEE 2o 7s. Skip Down 1A K v 280 1% 2 DFHZEWEEE Y 72 -
7z, BHZ, AR 78H 2 ORHZERD RWKERIZZAR->TH D, Skip Down (FAX v
TEIIDIRNE EIZEWEERIZR B Z 2 23D 5. Skip Feature TIEAX v 783
47925 9 DHBEIMOTEL Y ROFER LR o7 ARy ZBBS WAL Skip
Feature VAR TH D Z L h¥ond. £7z, AR v 7HH 4 DA 27.86db & Skip
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Feature 33 R TCOMTHRE BWEHIFER & 725 7=,
r

5.17: Skip Normal best result stack:4.

5.18: Skip Down best result stack:2.

5.19: Skip Feature best result stack:4.

BARIZ 5.17~X 5.19 IZZNTNDORA b OFEROHiG % RS, stack BdZzh
%% Skip Normal T 4, Skip Down T 2, Skip Feature T4 TH5.

554 CT BERDER

Skip Feature Tl& Skip Normal ¥ Skip Down & tART, AX v ZHOENNZ
& BEHHHEDIEANZ DL, HAREEAR v O & 2 FHHfEDIN G T
ETWBeEbihd., —TiHiifED ¥ — 271 Skip Normal Tl 4, Skip Down
TlX 2, Skip Feature Tl 4 IFIEZDb>TWaeW., Ziud CT BEERIZENT
IHRETFIETH S Skip Feature IFFHMfEIXSEET 55 DD, Stack OMEMIREDOFE
fifE DI 2R FIIAFFETH S Skip Normal EZED SN0 E WS 2T
bH5.

BBM 517~ 5.19 (TR £ D1, BEINTIEFIRIZ L > TEEAS NG
7z. ZHUIENTNDRR b7l % AR 7256 T 5.20 D &L 51T 24.6db D& L
Rz L, fiho b HHOREDEG CHIRDIENVHE 72> TWBH IR EHH S PZRENA
Lhrd.



88 % 5% Stacked U-Net DR

e

5.20: Skip Down result stack:4.

5.5.5 CT B#EREIRETD skip connection D R EEENT

82 U7z Skip Down & £ O Skip Feature 25EXIE D EEIKEZILA TWE 0%
5721z, Stack #{ 4 T® skip connection T® skip connection Tf&i> > T\
ZHEROFEPEE 7 — ) TEHUZ X Ot U7z, 2 ZT% Skip connection (&7 ¥
VANDD D ENTNE S T2 T — R EARET 5D, SEIE RO % R 5 72012
% skip connection Z & QJEEELDDF v > FIVBIRDVY% & 7=, $EREH
5.21 26 5.35 1237

5.21: Layer 1. 5.22: Layer 2. 5.23: Layer 3.

5.24: Frequency of skip connections at stack 1.

1w \/\ _\_\_\/‘-’\ -
w mJ ) ’
£ w | g
|
| /
— I Y 4 [y ==
e ———— 7J _m:,e77—7—*-r—».,,,.r»r--f——rf-" i -—f——//
5.25: Layer 1. 5.26: Layer 2. 5.27: Layer 3.

5.28: Frequency of skip connections at stack 2.

77 ZI3MNERGTH 5. BEIIEARETDH DI T —ZARI NI LTH
%. 27 7w1dD normal, down, feature 1% 124 Skip Normal, Skip Down,
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L3
P

xxxxxxxxxx

5.29: Layer 1. 5.30: Layer 2. 5.31: Layer 3.

5.32: Frequency of skip connections at stack 3.

l: \_\-\‘\__/’—/\/\ —_—
— ] et I ) B
5.33: Layer 1. 5.34: Layer 2. 5.35: Layer 3.

5.36: Frequency of skip connections at stack 4.

Skip Feature OfiHZ/RLTWA. ZNoDfiRE RS, 77 704HMA k4 E
o TED, Skip Down H L Skip Feature TIXEEH DD DY, MO L
NTEFHZINT VS Z 000D, MRERKMED IZR->TWa Z &b hb. Skip
Normal (& Skip Down * Skip Feature & [lbRT/NT—2ART N T ADENKE
7o TWaBD, Ziud Skip Down % Skip Feature 23 & HiA U 72 Hiffh & W\
DIRIEE UEHRAD #IATH Y, Skip Normal BHEREZDHDDIEEEZ TV
DIZHART, fEWVNE Lo TWEDTH 5.

stack ¥ 4 DI Skip Feature 7% 27.86db & —FHREWERIZAR> T\, —
73 Skip Down Tl 24.6db & Skip Normal @ 27.35db & < & REHEIZEL VIR
272> T\W5A. Skip Down & Skip Feature OJEMEFENr OFERZ REERS &, £
KO T NS, 2D &6 FEREDFRIIFEABEEEAPTILTED,
Skip Feature O¥EEUEIZIZERAL T\W52Y, Skip Down OFEEUGEIZIXEML
TESTLULAELIETWE WA S, Min 7T 7% R 5L Skip Feature 1% 2
22y 7HD 1 LAY ([ 5.25) 1BWC, Skip Down & DAEEHES A K =
. 7z, Skip Down (&4 AXvZHD 1 L1 (X5.33) iI2BWT, (KA



90 % 5% Stacked U-Net DR

Fo72K o> TWV5. ZTHHDiEWD Skip Feature & Skip Down DFEE D
HEWEEAHLTEY, —#HUZERER % skip connection T(EA 5 Z & AEEUGE
IZEHBRT 5 LIFE RN LA D 5. Skip Down 1ZA XY Z8H 2 DRF—FRW
MEREZHLTED, ZOMRLAKREZET, I5RIZHERT Y IRRONSE
DEEZEAD.

5.6 BEH

AEFEER U7z, 2D EM segmentation [85] 7—& & MIBIF LT A VT —
¥ a v T, BHMFFE (Skip Normal) SIREFETIXFHEEIZEN LD o7, Th
XR A PR TED 2D EZS5NS. — ) Skip Normal XA X v 7% 1
5 3T &, MUNTEERDGE L 7-2Y, Skip Down % Skip Feature T stack
1 55 Skip Normal 23 stack #t 3 Ol & [d UFHIE & 72 > T\Wz, ZIh 5,
REFRIRINEREZ B ONT VWD Z LRI PR, BEHIERVELIDX
A7 TIFFZD U-Net & R 22AHEMDH B LHEZ 5.

7z, CT FHERA A2 Tl stack U BiitEI%d 2FEET E 25 DOAFHE
IZ stack 3% LFHlEAVE(L T 2 DIZEDL S o7z, THUd stack BTN 55
LD S EIDBRR TIEIA T D TH B LW 2L THD. =T 20 %L,
A stack MiFEIZ D703 5 72 DDFHEHIZ /3T LR L TV DD 5.

X 51T, BFEWIZE Tl optic cap segmentation (ZHEWTDRA ~D stack #l&
15 27> TEY, 4Md 2D EM segmentation DXA D stack #1 3, CT FH##
JRDNRZ N D stack 4 & KIEIZES, ZHUIXAZITEUTRA M stack $H
ZHo>TLBHEVWSZLZREBLTED, XA L stack & DERZIHS ML
TWLZET, stack BOMEIIL THREEATVED RWTFEDIREIZ DRI 5 Z L HT
EHLEZD.

b7 F&®H

Stacked U-Net @ Stack Mtz M F927-DFEE LT, Skip Down & Skip
Feature Z#2%£ L, Fhrzir-o72. CT HHE KX A2 Tl Skip Feature 25\ T
TBEFEFIETH D Skip Normal & b BWIlifEZ 525 Z &AW C& 7=, %7z Skip
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Down WA LR Y 7 TIIRWERZ/RUT-.

Skip Feature [ A X v 7% HINIX T Skip Normal ¥ Skip Down & A
TRHBEDANIA R, ARy ZRDL\NGE L Skip Feature WA THSZ &
DOWB. —HTARY ZEEFHIIED ¥ — 2 OB CIHMER TR TR L 2D
D372 <, Stack LT E 5 LFHIMfEAEL 725 £\ 5 Stacked U-Net iM%
UGET B ETITIEESRD 5T,

BEAFAIZE T AR » 2808 15 OBERA S OFHIifEE7ZLTH Y, SROFMERE
EOREFUTR o TV, THUIX AT RETIVEEIZ L W IRRD AR v ZHh5ES &
WO ZERRRLTWS, EWDS EIEREXAZITETL, FHld 2 Z L ABET
H5. Flz, REFECIIERBILIIMED DX TR I L2 HoTWED, TR
1Z skip connection TfEb > TW5 T —X DEEESMT 235 Z & T, FEBIZEE
BRAIMED D XTI TWD ZEAMERTE 72, TNHDMHTIZRY, THICF
RaUGET 5 SIEERRT 2BENRD .



ARZETIE, CT HHRORETH S TEd B OFER] [/ 1 X257 )
[BEOAMERS T (6.1 : F8) Z2FEHTE7-OIZBFFERULIIT 4 —T 77—
VI DAT, HEREFEHTL2ETNVERE L. EHEREHW:ZT—7 77—
=V DOEE LT [FET =203 <R0n] LW ENHBHY (6.2 @ )
FSRED T — Xty hTH5 ImageNet 2 FEHIMHT I LT, ZOHREZEL
U7z. 2% U7z Stacked U-Net ®ETIVIE 512 HDOMHEED 3607 H: 64 5
ERELT -2y T, CPU T 2.35s, GPU T 0.11s THKT 5 Z L2 T
&7z REFHIIRPH 64 O5AEEIZ PSNR T 27.93db, SSIM T 0.886 T
D5, INORFFEL VEN AR TH o2, £, ¥IAVT—a v R A
DFEBFBFAET IV AW EBEHIZENTH, B 64 DEEIZBWTIRNTO
BRI AR TEN SR 2 R L, B 512, 256, 128 BLUV 64 $XTDY
BIZBWCT 1 =77 —= V72 RH U BMEFE R D BN KR 2R U7z

F7z, [FETFT =297 WS EEIZ U THi7z 7% augmentation FETH
% Interlayer augmentation Z$2Z L 7z. Interlayer augmentation (€7 )LD
LA VRN A UNY FHEEHI T — X 28 d 5 augmentation FETH 5. HE
KD augmentation FEIH SN UD AN T —X2HERL THEL AETH D, MR
TELT—ZBIRO DD DD, REFETIIHFARZEPREEZDL A Y TT—
RIEREATD ZLIT7RD, REJFTHYHT —REBZHEOTIENRETH S, BIRH
BTNV ITYXLE LT RBG, BG 2#%EL, CIFAR10 XU CIFART100 D4}
¥R A2 T VGG, ResNet 8L VIT TRAZ 7 v FER U 72546 & R USHl 2
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CTHBRL R
(sinogramEBH&N S HTHEESZ1ET I D)

L L3 e W
: '

BiEE BEEE+ . BIRGEALE TA—T3-=JDHTHIET
| (FBPERE) (AN T4~ T5—=>) (SARTSERE) (=Z=F5E)

6.1: Issues CT resonstructions and algorithm correspondence.

[ ERERCDIIZT—T5—-—>F 8 J

T ERE&RT(—I5-=>JR&E
; | FBT IR B ERf(C & D EERHIEN W E
5 - SkipConnection® s
- BRABESEES FABEH
[ augmentation } (R=F#) (}Eggiﬁ) L SZUTATICL D5 ’
Interlayer
augmentation

(REFE)

6.2: Issues deeplearning for medical and correspondence.

fTo7z. #H & LT, CIFAR10 Ti& RBG T¥¥ 0.39%, BG T¥¥45 0.27% O
dEN R SN, CIFAR100 Tk RBG T4 1.07%, BG TV 0.30% OuGED
Rohiz, FIZ, 2TOT—AZBWT, RBG A7 7y FFEE LD ENHERE
RUTz.

2% U7z Stacked U-Net I$H[GDH7ZHE LTI, #FEMfEERELEDbDI TV
O SICEEE RS THHENH D, THERM L] &0 3BT LT Stacked
U-Net 7% Stack BPL <403 &E25 LRENENT S LIZHHL, U-Net ©
SkipConnection (ZxF U T @& 23MEH D X9\ Skip Down # £ OF Skip
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p={1}

Feature 2% L7z, iR e LT, CT X A7 IZEWTHHFFETH S Skip
Normal & tAT SkipFeature I& PSNR T 0.51db & U7z, 7z, SkipDown
1% stack #X 2 DEEHFETIEL D, 1.98db i L7z, SkipFeature I& Stack #%*
4 ORHZHRAMREZ RUZE DD, AZ Y ZBHPKE 72> THMREDIE FEG W
Skip Normal & AR TARD 7z,

6.1 SEROEE

ERU72&512, CT FEERAMTADETIVEREL, TOSMEMD HIEZIRE
U723, BERZEN S DFEZHE TETWVRW.

512 x 512 @ CT RIS U THRESGED 72 D ke BN O J5ik% EH]
U, [MAE7% OGN 2 72\ 0D st Bk 75 % H L 3 % DAY DR
BETH5.

EHEROTE T — X DA X LT,

o {7 data augmentation TdH SR OfHN, MixUp 7% & % ji#
T3,
e Interlayer augmentation %3 5.

e data augmentation & Interlayer augmentation % [FFRHZEAT 5.

IREWEZ 5ND.
F 7R BT U TR

e Stacked U-Net (Zxf LT Skip Feature %#fH 9 5.

o HARMEGEHWFEITH LT, EfEifEDUEES.
o ERGLDEIBLIELE 2.

o Attention X GAN &R EEHDETIVIKIEIHE 5.

RENEZOND.

CT FIHEREGITRAN IZZMN b G, ZD72OEHIC K 5 EBEHTF
otz Ens Al SHET VIZ K 2KBEHEZ1T75 2 e EETHS. Al Z
Wi &\ 5 Tl Interlayer augmentation (&2 7 AFHX AV IZEIRBH 5. CT
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HER2rOBWETHUZETVEZ/ERL, Interlayer augmentation 1Z& 0,
F—RDOARREMD TN TENE, YATLE LT CT EifdY AL BWHTERNIC
WHET D ET IV ARETEHLEZS.
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