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OP155 3%yt CT WRIZ X 2 U ANl FAE BB AR AT
A B, REE BEEY SR FE O WH OEEL KR RS BA HES SE OMAY
(BT S
MR, AR SR, RIS D Swaks,  RRERZE, Mot A AR

— & 17

| 16:40~17:30 | OP17 [CAD4]

ER:1RE RE (EHKF)
HE BER (BNEILIAE)

OP17-1 Faster-R-CNN Z H\W 72 &8 X BRI BT 2 il i o #e ik
i wLOFE gl
VIR R BB R G RE, 2 IR B SR e 9 B

OP17-2  Supervised Contrastive Learning % F\W 725 CT WRIZIB1T 2 N F APEMiE B O BERZERR)
by AL, MY EEL AT WR°
PIETRAZERZ BRI AL AR FE R, 2 RO PR B 7 R JE

OP17-3  Contrastive Learning {23620  RITHIIRIZ & 2 I3 CT MifRiZxd % Sa B
Ml HmEL yr L) Ml ER AR EGLZ R #AC WA B K B
KE FHE!
YR TR, P BEERBORAE, S BB R bR, T IER R RS, S A TR

OP17-4 7/ 7—> 3 Y HRREEGREMT — 5 & 720 0l 5 A 5 o I E 55 B
MW #he ! i R BB WHBEARS T ER?
PHRORAER B LA R, P IR R R

| 17:30 ~ 17:40
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78318((8)

B281E (VURIZTY)
—iREE 9

| 840~930 | OP9 [1x—Y 5 2]

ER:BO HE (BHEXF)
Ittt =5 LSt BRRER)

OP9-1 MR & 28 FRERIZ B 5 MR WG4 2 FDH L7228 0E L 7 X MO F— 7 ik o F P
B$ % Wit
KN B g B!

VAR E KRR LR A T AR LA, 2 H AR ARIIZE H DC
OP9-2

Whole Gamma Imaging (2 & % ¥Zr #{#I2B VT 909keV I ¥ 7+ ¥4 A—T ¥ 7 PET D%
i 71 ve 2 8 2 5 W RETE

MR S8, HA ALK #F SoEl

WAL R
VT RHERORT e B S A, TR

WY, EsAESEA Y, s E !
OP9-3 Deep Image Prior # H\»72 SPECT M{RFHE%ICBF 5 EM-TV 7V I X L OMES
JeEb o mEE, MME fEsEt BBy —WC JER AW Sk W sn m!
VBRI R RS BB TR Ze R, P AR UL AR BR SR - R v ¥ — BRI LS I ZE 2 o & — IO
EAWE7e s, ALl S MO F R AT Y A 7 MG, PRIk R A s a0y - SUFT
19 b =Tty s = O IBKERFR T ek
OP9-4

Dual Energy BELRRANIE & BIRE< LV F € VR — VI X % 806 X 8 CT otk
B OROKR OB g s MORE RS MRS e HA
R iy !

—f7° Wik T
VEARTR R BB LA TR, P IR ER BB LA e R, ° Al R RS KBRS RIZER

PRUERERIRE BUOEERGLCERIZE vy —, R AV F BRI W R AL RS

— R 11

| 9:30~1020 |

OP11 [1x—=2 73, fiul

03

R ' 8E (FEXP

HFE HE MBS BIERER)

OP11-1 F—% - ANVT Y AT A (SAKAS) oML <A 71 - fitll CT ~O#EH
Kl BB GA GEF L BN BE Y ORI R WESEAY Sk 470 PR RS
YUY o m v a soige e v v —, F (b)) HOLBPERIRRZERSE 2OV — 7, P I A OV F — E gt
FERRRE Y B S AL 22 78T
OP11-2

shape recovery

NAFATY L IR sk Tl e
VEMEREE KR VAT AEMTAERERE

A reconstruction method for binary limited-data tomography using a dictionary-based sparse

WHHRELEN 70 7T A, P KRS Y AT A 5HR
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OP11-3  Whole Gamma Imaging #fEHD ¥ I 2 L —3 3 Y2 X 2MRE 7l
i A, B AIKRE B A HE EEE P UE e #H°
VTR, AR

OP114 2B BFT O DOEERBEH 77 v P22V #F
W B

B R BRRRRERRERE AR

— 1R 12

| 10:30~11:50 | OP12 [ #BHE:iEAR4T 2]

ER: Pa FE (FEXF)
TG FR (BHEIEKRT)

OP12-1 JWHEE{ROT > 5 LS LIEH 5 L & & 1w TRkl 3 2 15 fs 5wl gLk
SE BB, BEE BRYRY LH Mg’
SR TR A, SRR R AR B

OP12-2  Graph Neural Network (2 & 2 MY Y RO T % 4 7385 & PRI & 7 2 Mkt o #i{b
M ot AR B2 ME W, 22 L<w )yt kB -0 S0 EC kA ER S
e —ERY, AR FHE!
IR TR, EMESARIIERT, A RK S B AR

OP12-3 Mz 89 5 LIPS mifR K
R BR BE BUPL BRSO R 3EE gk R
PRI TR ERY, ? R R B A A SR

OP124 i CHAFEH INBARARA= 2 —F NV 12y T —27 ZHW RO B 8558
WY ORI A R ML EAY BJE BT OEAR ik
UBEHERIR R b R, B ER R R M ge R, ° B Ak

OP125  F&—IVA T A FEifR%E v 7558580k B 9 o0 8 H Bh 555
SEACCMEE GEYE RIS M GRS, MBEOBRT-C RAR RMGRC SRR Y Rk Uk

HoRE!
PR BERIR R PR EREIE R, P BRI B B RITER, C RS SRR, R
7 LR

OP12-6  U-Net Z v 72 KBS BOISTE CT OMi 3 kot I 7 1 MR o fili e B il H
HH B WH OB A HEL WA BT hE 4SS BUE BRSO RA BRE
A B
VRS R AR, (AW ) B EEOER A gE € v & — P BER R, R T SRR R A R v 8 —,
SN =T TRy Sy 20K - ERGERT, ¢ MR AL R SE T
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—i%EE 14

| 1430~1530 | OP14 [€¥ xvF—2av2]
B ME BF (RERIAF)
R BE (EIRTESSERIRR)

OP14-1  U-Net % M\ 725i# MRI 2 5 O $H A By 2 B3 2 %%
FH R, PN FEEL =R W kg —w?
] Y AR N T S S Y e R T, 7 T R P R N T
SR BN TR, S IR ST B R R I B R AT 7 50

OP14-2 BHAAA=2—FIV 5y b T —27 & HWIHHE MRI 2> 5 O O BB 28 < B3 2005
M B PN EE =k WA ki
] 7 9 P A B N TR R S A AN T, P T A P AR N T
ST PR AE AR, S ST BB R A B B R

OP14-3 3D U-Net ZH\»7= CT Wi 5 ORIEFFIRO A B3 2 ZEBERGS
PR ORFE L WEAHEIRG Y IR R L M
VMR, PR R R R R Y 4 —  WRER SR

OP14-4 Expanded tube attention module % JJ\>7- tubular structure segmentation
W BRI A
R YN N T MR A N 3 M B

OP14-5 7 F — B/ SALl{E D= v F 4 v 72 7 X V5 — ¥ g YI2BT 50T 5 LB ET
ORISC Y T feik
VIR - F— A LU ABEM Ry —, P TR IO T4 TRIYE Y Y —

—fi%EE 16

| 1540~16:40 | OP16 [1 X =~ 5 4]

FE (BTFHFRIMMZERERRS)
=% (RRIEXF)

[
m
= E
| 1

OP16-1 Encoder-decoderCNN % J\ 7278w F~X— 2 MR W{R R % et
g it E —HEL RN AR phE I
=% 0y Ny N 4 A TR 1 P = e ot

OP162 7 LA NEWREIRDOT ¥4 ¥ TVEFIZE S MR JEMit v ¥ ¥ 7 PR O REdGE
[ =R T E < - M o1 Sy
Vb kAt KA HIs Al A B ge R

OP16-3 4 > 7V 7 CT M{REAEM DO L\ Bk & 7eM o m ks Bk o35
THE s
SRR Y AT DABFHGRIE R LI

OP164 AXRZ FSNMT7+ b h v T4 ¥ 27 CT O 25T W5 mas ik i
& BIE, OE O K, T Mg
YRR KB VAT AWM AIERE WM TR T s T A, PRERY VAT AN
AWML B
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OP16-56 M F— WA NEYF7 4 ABD-CT O E#EMGHEIEE A S VT =T 17 727 FREAD
I H
B BIE T M
1’“’“(5'27(% k%Fn: VAT AEMLEWIZER WL T a7 5 A, PHBERY VAT AR
S

—fixiERE 18

| 1640~17:30 | OP18 [1 x—=2 5 5]

ER:#5% # GLETKS)
HE X (BFRERIMAERERERE)

OP18-1 EE¥*EHZMH W2 VFE Y HR—JVSPECT Y AT LB B F—1N—F v TEET— ¥ D48k
111 /s A =¥ [ B
L 15t Ny N4 | Y| S

OPI82 LM~ LF ¥ > — )L SPECT D7 M5 RS « B mifg L1251 5 At ) B oW 5
A
MW —0t Kl m AR ORI i
VENLRICE, EBORE KRR BT AR, O EBOR S BT

OP18-3 @ ZH\W/2¥ ¥ hk— )V SPECT ¥ A7 A IZBT 5 225 REE D
%EEI BLORH O —0F B 0
DEROR SR T 7R, 2 B RSOE, P IEEOR R T

OP184 JH¥GETNVEZFIHL7Z Deep image prior X— A P E T [ {§FHE K
Tﬁﬂiiii KFE HL' KW 125% HE 9% s #Y°
VIERAR b= 7 ARSI YL iR geiT, B TR BT S B S R T B R AR S i

78318(8B)

E3oE (B 158D

NZAF I F—4

| 850~1020 | HS4 [RERMET 11 7 EHROER]

NZXFE3IF—-5

| 1430~16:00 | HS5 [BASE - EERAAM]

35



=
1
5|
7
A
29
8

78298 (&)

£13t; (R=L)
Fai-bUTIEER
| 13:10~16:00 | TU [EREGMRE L —BREGRRICETET 71130 —R3E]

ER: &R Be UEKF)

TU1 NG e L2200 L THED L2000 )54

OXPE  IEK8E
PESEBANA A IIZET N LRI JE £ > & —

Nzt & U7z 2e il N IER AL & v o 22 LESFORIESRS 77 AN — L o 2RO, £LE0) A7k %1
ATCBYIELAWEL D L 20D TH X HEMIL L T 5
RFH TIIANZ R E L 7-EEERE O % o 5 B (f‘% LTWAZ 2B EORNOMNT 5.

TU2 WRR B BT 20 AT WO I 32 L9 AT BB 2R
OXIHE A S
LERAY  RRAAAERE  FHRMERAIR Y 5 —

0I3EDT N I 7 AZBWTEIFLZAROEKD—2TH LRI [ O ARFEERS | (28 CEIROEER G O M3
oMz, SHIZ2018FD [HFa A/ N—3 a VEGR] BIEHEMESERO [ALENS 2019] 7 2B F 2 DD E S L7 -
Bk IE L, BEIRER 0 L 22 ige e b 2 2 2 L mmyiask & LC, 7 — ¥ FGH M ORE R 7 — 7 AN A o
BRMERZIRLTBY), ERMICOEWENITRLREINRTWS

Lo L35 iR AL BfgE=° SaMD(Software as a Medlcal Device) FiF& &\ 5 72198 - BISSICIZMSE L BEHEES - R
B OB e R 2D KRB O W GE WML IET + X MEROMENFHRRE T ZE L 25 0 - B Gbh) - BHEPLEL
A, RS TIIEDEREIGIZ D EHMERE A /) R—Y 3 V AMERFELZHEL TB Y, LHEKRFIL 2020 4FI04KFH
SEOBEE R T [IRRER S BT S AL WFZERSSILE I AN 72 AM 2R EF 8 70 2 = 7 b (ALMAILs) | U & fEEE L
ERT— ZEHICBU RS2 L WIERS 2 LT 5 2 LN TELERBEAM, FFICHRE LR L Twh, Re v
T aryTld, TOX) RIEHE O MARLHEL A & O OJT WHIEh IO &% TN 5.

TU3 B W e D8 NS 2 LD 39 SEDHLY HLA

O B
17 5 Wy s (e B/ & VA

RS AT ASEORIEDOIG 2 O EHERICE ENEANERIRNT L2 EERS VT MR, BBEFEITDL L X
DY AT L&) TEROER %2 RIEIKT 25102 5. ¥41: PACS B GOENENTH 5.

NS OEELERIE, R SNEHEGOEY) 2 FRCEIETH D.

FASEDEBEClE, KNV ¥ — ﬁfm1ﬁj‘57:“7‘ 5 CREBRAIT) 72OMANEREIW ) T Lidev. UL, MEEIEA
SENFHEIBWTHED A L2 EE, £ LTCOETFT—Y OB LEIZR D, FOBRIIZE NG HRAEEEICH - T,
[EPN = & e ?&Wﬂﬁﬁ%ﬁo“@\é. COXH)ITEAREREID KD Wb 2 HET L2 HFEOTE 20, BITOFIEE 2 &
runTZ)

5632 ClE, DICOM @ % 7123 b A F /Al & BB 4 Pz 2w b filidt, DICOM Toolkit % H v C i B 146 A%
A AN T2 % )7 & DICOM Toolkit # FIH L7227 7V 7r— a v A7 5.
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78298 (&)

21885, (K—IV)

YUERITI LA
| 1610~1730 | SY1 [41 X =Y I IV IR RROEREGI#]

ER: R BT (FHEXF)
ik EH (UK

SY1-1 Yae—L A MEZFT74— (OCT) D)

Oz
R RFERF I TR BT TR

av—L A MEZT 74— (OCT) &, IEWHEHOEZHWAZTHEINIZX > T, um & — ¥ —OEoHiERE A X —
ZIFREE - JEHECH L L O TELNENINFLETH Y, EHLFEOZ T2 FLIEH Z2E£H TS, OCT Tld, JGED A
7 MIVIEDSIAWIZ L W R 2 0 2 LS TE L. T2, ROBAZWIT A EERTH 2 HEL & WIULEEIKGFET 57290,
WHEORFIIEETH L. AL, BE/SVAT 7 AN —=F—%N=2 b LRHR A —/S—a 057 4 =2 — 2 6E
DWEFTTERL, T2 HWTESHEPOERELR OCT A A=Y v 7o &7, TRFETIE, KE L7 um ™
WCBWTC, YT ADERDA A=V v 7%, o —L v AWM (OCM) 12 & 2 ML BN I O A4 X — 2 > 7123
L7z, A T34 OREOBA L2, OCT WIEDEmE B4 L, SHROE»#HnT 5.

SY1-2 MM FFADCT A A=Y 7L MNETORERYIEN

Ol HwA
SURRR SRR R SA AT SE R R S R AR AT 2 > & —

t b OB AR E L TR, BEE (CRL), BREENRIFEICE D W TG SN B IR ¢
5 [ h— 3 F—564:B B (Carnegie stages, CS)J D 3OS H. ZOHTH B — 2 F—5EEBEDIL WS TW DA,
CS1 ~ CS23 THERL SN AN b D TH D, EERIIICERPE CTlE W &5, FERVNIIR - 72 E =R AT IR & T
HbH. FHEITERELE MNEERETHL [FHaLryary] 2iAETA2 805, Ihe W EMEE CHfg U IESET
TOPIEFENY A TE 2, MR EHRIC X 2TEEABET RICESE, AREOLE AW/ EFICHE, My 7ol
OO MRI TH A MR BEMEECARFHHE T FIFAWAHT Y PSANCTA A= 2 7 (MM CT) % &4 % T TR %417 -
72 BONZEET -8 A HWTRABROEEMICHREL - nweEZTBY, 4EB L UOAEL EEBOBEIZB TR
DO EZBERINEMILT 52 L 2 HIEE LTW5b.

SY1-3 ik LOEORA T X 2 R BHREAN O e - B E D (photoacoustic) £ A —Y ¥ 7
OMe#4 B

il LR SIT # e iF et

WA, BE) v<F, BIIREE(L, BRI EOFEEREDSL 1L, MERIEBRIREORE & LTHNL Z 25, HlimE
OREEDZALRIMAFCRFEEO T HALIZ X 0 BRI REXOERIZH O RER LS sn s,

SR E W (photoacoustic) 4 A =T ¥ 7%, F /7 SV AL —HNEEE LT, BEEMRICLVERNOMBE,SEL LB
Fi A LT, R, IR T, MEORIRCEERMNE 2 o E . SRS T 3D FRWEELITHA XA -V v 7
e LTSN s, IBEICBWTIE, FEKRFEXY v (BR) 25, 2006 45 CEFFA OBz 7 a 75 412
BWTHgEZ 0, FURBHIHONBER 7771070 MEFRIELTWA. T2, ZORREIE, 2014 EOWNEFFO
HHIRFZE A 7 1 7 5 A (ImPACT) %, 2019 4F AMED OB EBEBEMRMES O T a0y = 7 MIG| Xk, LS
WEHH O X Y RS VBRSO L, ZOFERAIZIT 7Z0EREIHED SN TWD . REHETIX, SO OB EWHEA X —
VY T EMOEREANOTLY A DN TR L 72w,
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SY14 bubirrzubarityy—BLES2 ¥V —A T 4 VITHESE L7 X B30 i a
YFIFADCTHRIEY AT &

O i
TR R BRSO TERE M8 P e T

X AERFHRERE: (XDFD IC&ES CJEITa » 5 A F CT i, 2 RICHHEESICPCHES % 3 > b5 A b CHEKIKRE OB 3k
TUEEZ W TE L7200, Fox ORIV — 7Tk, HRHEBE~OISH % B8 L T4 7 XDFI BEST OS2 17> T & 72,
XMOBEH I VI AN BE200T7 727 F 54 F—HRITEELZBREZD 1 DOTH Y, HOEIHE T 2=
SRR EmMETE S, 4L, M5 cm AOMTEZETIESHI0 u m OFFELEHWEL, BhdRETAHHMZRE L. $72
B REEDIFN LT R XHH A TR, EEEL CT 2S5 HHEM 7V TY ALB LT — & IWE T4 & ME IR
LCE ZTHLALEHICEY, 2RO MEBIaEE e m TTHEL, AEHRERD S R OB REL R IBRLIEL O 3 )
TOHEE Z JEIE TS T X B X D I o7z, WEE, #i7:7%: XDFIEE2H Wb 70 ba bt v ¥ — (AichiSR)BL8S2 124
L, BEMENTORBELR CT2EONS LI/ RIEKTIE, AichiSR @ XDFL % A7 & LT FEORFEHICD
WA 5.

7A298 (&)

21885, (K—IV)

—fi%;ERE 2
| 17:40~18:40 | OP2 [1x—=2 5 1]

ER: X B= (R#BKXF)
S 1R CEMRER b= 7 Xtk E1E)

OP2-1 AL 7 — ) RGBT A 7 2 Y MEFIER W2 MR Efit v Y v 7
Omg —H', Kk wlopHE k!
LR kS TR A TR

DEDOE D SITCDOEREEICTE ALY Y > v 7% MRIWCHH$ 5 2 & T, MRI 0§ E %85 C& 5. LM LAH
5, VEOPSEES 2 S FBER SN EOSRREETAMETH 5. iy, 7 -9 8B ROMHZER = 5
L7 7 — ) Z#kigE: (PSFT) #MH L, EB5 OO A Z UL LERNISBOEST 2 HET 5 2 & CHERE GO
SERELLE A M o7z, LA LRSS, P {ROF.LES O 55 RRELUE SN EECdh - 72, ARG TIL, PSFT 55 OIUEHIE %
BRI ET L7 2 v MUERFREZZAL, HREREEOME & .05 O FREUGEIZ O W TN A, ¥ Iab—T 3
VEBRORER, PSFT 5% 7 A ¥ MUE L7232 R T30, BATHIZEL D b PSFT B LU SSIM 255 £ %2 5 2 L ASHERR S 7z,
¥/, SfEReT v — N EHWCOMEEREHMEIL 728 2 A, WS OS5 R E A TER L 72O THET 5.

OP2-2  JZPBABCCNN % FIH L7z MR {AH M 5 O TR 18 738 TR I
Opdr Mize!, Wz —H', phik BE!
VAR KA M R SR

MR RGO &EHLE HIgE L CEMit > ¥ v 7O MRIUSHDPED SNCTW5D . EEFSEHEZHHT 2 M8 ETIE, SFET
F2REE CNN % FIH§ B HF2E8sE 5% 70 o 7275, MR BH{EIIVAH 2 B oBEHEE TH ), HERIHETEEARAZ2—F )V
v b7 —27 CNN)DBLETH L, LeLEAS, BHEMCNN T 74 VA HEEHILT A0 %L, $72, 74
WV EEFEHALT 2ETH /N A —y Hpsh 2 B 2 2 M2 S 5. A5 Tld, MRS OGS 2%
5.2 %k MR W{GOFETE ETHICHET 55 SEFE2ERTE2WMEICEN L, EEBIO CNN 2 #H L CHEm %%
HHEN T 2 TR0 247 - 72,

SAGRIFRER A BTV & 2 R FE RIS E A L7245, Do e B R CHEE BB o CNN & [A4E 7% PSNR & SSIM
DOWGHEL LN TEZ, SHIZEREERE 1 DO CNN TEETLTEHEICLY, WEE X 5ICHETE LWHREIREN
7o, KEFZEIC XY, FERAEL CNN ZFH L CMlmifg % fd 3 2872 % HEOEHT 2RI LR TE,
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0P2-3 Deep image prior Z 272U A b E— F PET Wi{§ R %
OKT W' BAT=A, K HF", B 2l
VIERSR b= 2 AR A PG 4 5 Fgees

Deep image prior (DIP) % Hv:7z) A b€ — N PET BIETHERGE ZRET 2. I—ETHR, ZHAREEORAAIZ LY,
YA ME— FBREMEE DIP IS X 2 BG4 2 HIZAT) . DIP IC X 2 B HLEIE, /A X2 BRETLHIE, 2> FF R
METEEIC 25, REFHEE /A XZWS LAYS, HCIY T2 MbYET 5. HFHPET #iEO MC ¥ I 2L —
varr—sEMHeT, REFEOHAMEEEHMEL 2. RETHRER, IORECENTRWE- 2 GoadEtear b 2 b
U ANYREER L. YA ME— FPET WG, 4 N2 ME D RBEHESEDSZWIHEIC L VRN E 25, Lo,
RETFHEIRIMIEA S <, RATRERM 2, HEERMERSHREMA 72 PET ZEICBWTRICHER LIRS,

OP24  JEMit Y Y Y727 A YA VT4 Y7 CT DANRY PVEAMIE
OfH - —O!, B —*
VEVRICR, RO BT

Tk N T4 27 CT 22 B WKTLZW#—Mﬁ%W HTELZEps, WHARECT & LTEESNTY
5. LA L, #HEO X AT PHEBROABEER A AS L2E, 7SVA - 8f LTy TRHRICEY, WEARY MVIZE
w%nfbii.%®%ﬁi,%ﬁ%?»%ﬁ%ﬁé:&?,E@%Kdﬁﬁf%é.t#t,%&:%E%%tttﬁﬁﬁ&

TIE, BDFPeMSTOMIEINATLIV, WMEZHLEETLE) . ZoMEEE LTUEME Y Y v 7OMHAPEZ SNDLH,
% CIANVF - OEDL WY cix«y%»ﬁﬁ%%ﬁhﬁttfﬁi: XLV 2 TARIFIE TiI%W¥~-
B OW G % e AEHRE LTl TEABELL . £ AV F—Er ORI 2 £F8EHME, B X oae ZIIRT D
T v 745N EH ST A5 2 LT, AT MVOEAMIEREST LS5 L 2R L.

OP2-5 27— & B O 7AKKE CT B YO PR R O R LS5 X — 7 HBhPeg

OLike s
SR S A7 AR L

A s CT OGN TIE, F—F VN —3 3 v (TV) EAMBESRIERFTFEE 7 4 V% & 721ER{EIE  (Dong Kudo,
Med.Imag. Tech, 2016) % 72 K IEEAEHEFREREDG R TH D, BHEEIZOERHA SN TWS, ATFEO—FOMESIL
EAMb o & R E MRS 2 EAME/ ST A —=F OPETH Y, 1T A EDOLARENIZERE SN TR Y HEZE LR T
L WEEINTVZ2OPBIRTH L. AWZETIE, AR EFE UMM AR L2874y b GEEHEOIERERO
$45) 2T, EHHENT X =5 2 HEIRET L2 OO T EZRELC, MELLENCIHET LI L 29T L. —D2H
OFFHL, WFIETTR & — oM RS CRICEDTEOREDN D 5 EAL/ N T 2 —F O XHEEIZHED  FHET, £
T =P HIEAMENT X — 5 OFHFIGAZ RO TB S, EIUTREICE 2 I 2 72 5HMBI £ % W% o @ ci/ME L CH
BET L. ZOHOFEL, FEREFEICe Y N EELEHLWRET, $8 7 126 L CFEY 2 iR SSIM il % i
INMZT B IEANE/ N T 2 — S A FEH THIIRKDO TB &, ZoHGPE L2 EIML/ T X — & THGFHRER 2175, BEH CT
FEGET =y NEHWIY I 2 b= a YEEBREITo AR, EEL0FESAERICENE L TREIZEWVIEAMEL ST X —
S OWeEME 525705, ZOHOFENEALNT A= FHEDIEN -T2 LEL LRV ORIHEO M TEND 2 LUK
SNz F7o, HET D87 A= F BRI ORTHPE N0, WFFEESLELREE T— 7 OBITIEE IR THELI LR
a7,
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b
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\'I
N
NS

—ARERE 1
| 16:10~17:30 | OP1 [A%X#®, LY ZRbL—2 3]

ER O K& (FEXF)
izl BHF (BEERMKE)

OP1-1 Geometric Matching CNN 12 & %484 CR W{R DA b Tk

O M, dhy F A RS
UM TR R B TR BE A T2 RANRE R T, 7 PE SRR R R

BRI 7~ 1, WREAETT 2 L e OENEEE AL, BEOQOL & LLMET L. To/d, HEOFRMSEN, 7
WG X D RBOMETEZIIH T2 2 EPEETH L. MY v~ T OB, Mg X Mgz L &a121rh
NTD, RIS, XMEGEZ NI EEIORREOMITEZI R 2 2 EA5TE 225, PR O BHEETNR B2 ffi 0> E /Y 7 57 X
LHBEORIMPREE 2o Twh, 22T, ay¥a— Y OMNEREBE-OBERLE LTHHT 23 ¥ a— ¥ 3RS
AT LADOFFENMFEN TV D, R TlE, RERFRYZEDEAMNIC L0 W —PbRE o2 - BUEM G2 5 BE ) 7~ F Ol %
R LZESW Y AT O B E L, IBEHBOMESHDETELIRFET 5. Geometric Matching CNN & {57
RIS 2 2 LI LY, REEEOSHELMVESDE T, EBRTIZ IO CR EEICRETEZEA L, kT
HEE OB EAT o fiR, RIFGRRT R,

OP1-2  BUNHMUAHC BT 2 IRIRZALHEE O % @ 2D Wik iR ER B R BB B4l > 3 2 L — 2 a &
OB It A% Mz’ =H B8’ ok BA° WE B e E-7 BE RS
VRBRFERERE Y AT AR, (MR BEERBTER, SR Y AT AR

WO H BT T R % B2 © & A MR-Linac (&, WEEZ & ORI 2 8) & &2 § 2 & 100 L TORMRM 2ERICO %
BHELTHRENTYS, LaL, |METEL0E—EHOWHEIGTH 5720, MHTOFEH 3 kot MR Bz, EiEo B
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This paper presents a method to improve post-market training of a hot-spot detection system of malignant tumor in a bone
scintigram. Especially, we focus on the case that the number of post-market training data is small. When re-training weights
of all layers with small data, there is a high possibility that the performance will deteriorate due to overfitting to training
data. To solve the problem, we have studied a method to adaptively select whether re-training weights of layers or keep as
initial weights. Specifically, a policy network selects layers to be re-trained. This paper evaluates effectiveness of the proposed
method changing the number of post-market re-training data. We discuss the effectiveness of the proposed method with
visualizing re-trained layers.
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Al-based diagnosis is suffered in the low accuracy, resulting from data imbalance between normal and disease cases. This
paper proposes a novel hybrid model to alleviate the data imbalance issue in the subarachnoid hemorrhage classification
issue. We present a memory-attention concept to build up a centroid feature representation of each class dynamically and
metric the distance of centroids and features as constraint conditions to enhance the classification performance. In addition,
we design a novel loss function to optimize the centroids and the model dynamically. We performed experiments on a highly
imbalanced brain CT dataset, including 33 cases with subarachnoid hemorrhage and 2519 normal cases. Our experiments
showed that after inducting the memory-attention hybrid model, in contrast to the previous work, the classification
performance has improved, confirming the proposed method's effectiveness in alleviating the classifier bias toward our
mission.

43



-
2
H
7
H
30
=

7A30B8 (%)

21885, (K—IV)

—ixiEE 4

| 830~950 | OP4 [ xrF7F—2ar1]

ER: AT #EAN (RRERERNTAFRKF)
HE RF (ELIERFAHERR)

OP4-1 B RS 2 2R3 BB EE H V72 FCON I X A5 CT 154 S O ls g s 2 B -5 5 %%
OXKl B! g tt!, Holger R. Roth? /NH B # H—EB' =@ —m® # g
Vi B R R R A e R, *NVIDIA Corporation, * I AL Y & —

KT, BFEH T Z B L LA E A L7z FCN IC X % 3KIuIEE CT (%22 5 O Ll iiidht FE1c o Tk 5.
A= FIZLDLBH - FINEE Y AT AOBBICB VT, ZHAFHEEIMPIEERE LR EREMTH Y, ZNFEFTELL DL
ZREIHH R BT A HE S Cwn b,

PER OB GMTlx, BB E LT Dice Loss 234K FIH SN TWS. LALZ%EMAS, Dice Loss (il s & 1F f#HH
WOELR VS EEET D720, FEHINETIVIEBROBE R G ORBAPER I 2EWLDH 5. O LX) R FEL R
T 5720, REFETIEMBHEIROBE TS 5128 L {lR% %3 % Boundary Enhancement Loss % Dice Loss &HlAED
W7o R FCN (B A L CE B 21T - 72, 2 L C, BRI L EEm I c 52 282 B8R /2. KAif
72 ClE, 284 JEBID CT 15 % W C LB sIEEm % 17 - 72, &fi#s 0 Dice BB DOFIgiE, 3D U-Net % J\ 72 T4 T 87.24%,
V-Net # i\ 72 F3:C 87.19% TH - 7.

OP4-2 PET/CT Mi{§ % H\7-Z sy 5 B B 5 2 w1 Beat
OBEW HER!Y, A Al B 30, BH RE? B WS B &E, OAF MR
UHEMEER RS AR IR, TRk TR, O KBRS KRR BRI R N T I (R I 5 2 R
GeAHE, KBRS KR S RIRSERE ORI S

[Hf] PET/CT M EELORHIFEICAHTH ), M HWTO A SN TS, Lo L, PET B 22 5 EREDMK
B BT 2R OENSHEL S E N H 5. & 2 CRIIGEE, PET/CT Eifg % T LM% B3 2 FEEmeT L7z,
(7] AMETRIREMI 7 ) =y 712 TR SN2 90 fERI D45 PET/CT Witz x5 & L7z, PET Wif§ % 7213 PET I
S5MIIEH CT BifRICx L, UNet & H v ClE &R sl 2 17 o 720 $io G, e - Ul - B - B e L, 2o odilil
K& (L Dice MBI CRMIE L 72, [RSAR] FEIE - Wi - B o> Dice #2504 90%, FEIRIZH 55% & 72 1), WEIERLLAMEZ WA CT
W5 % V7256470 ZE & WSO MIME A S 7z, [#GR] ZTH CT mifg & ) S EEIK L/ 4 ALV oE W PET/CT
W 5T o T PN - et - BT 2B THIE AT RE T H 5 & L AR S e,

OP4-3 U-Net % W 728080 X BBV 2> © OMEfR - 2SR O flH 2B 3 2 LB R
OfiM  #Ew ", HRAETRR? @i R ' O mee!
R N ] NS
SRIEVEIG 25 1% 2019 4F & 2020 AED H AR AN DFER 6 7 & 72 o T 5. MHEFREE (ZEAMENENT D BER O—2 755, FDOAH =X
DAL RZHH S T WA, REFFECLE, SEES X #E)H 12 Fully Convolutional Network ®—CTd % U-Net @ L, Sl
AT AHEA R X OiZEiR e TN ENHEEI T T A2 L 2 RA L. BEMLEOLOIL, T 74 YEBIIES T - SR,

B - FERIE ORI 7 1 )V & ORlAEDbE il b $ 5 2 & THELN LS~ VT F v 2ok, THEE, H®EK, Fib
DIFHFHFUEDCF v ) T L =2 3 YO 3OOFMBETERRE L, IR EAT - 7. FERRO XEIEI @A LR Rz R

44



OP4-4 RERER CT WifRIZ3B1F % 2D U-Net % H\W 72K o [ 223812 & B WET5 M 0 B B i2i%
oA BEX' we EaA' Mo b MRS R @R OHH RE’
B3IV N S R e S 5B N B S 51N S N &l R = Y 20 i EEE S R R S YA N 4 14 2
RAEHE T — 7 AW Te8CE LT
RS CT W% %2 V72 B3R O B BT T, 27 A v T —3 3 VIS CERGE DRI ThbITWwa, L Lk
D35, EEMEME (L) WA BITA RJclce B F 0, X562, LIWHEWNIIZEEOBRHGNE TN TWLHDS, AL RIFEREAFE
HTETWARHEEBUIR S NS, RIFFETIE, T E TS RREEAER TE Tn v, JEHIEH O ZRIcla T It E 7 5.

RETFHETIE, 2D UNet (2B W THEIE L ELIER & REFE S5 2 T, BHEHOE—-FOFE L) &Lz 5
HZEEHEEY. 20EAZH, 4 0FSGERGEEC L) RETHRIZ L LR % Dice TRl L7z & 25, BAEFHOAE
FWW 7B EIZIE, 79.4% DREREIBIE TS - 72%%, KR L BN M OREAE TI, BT ORRMAEIEIL 856% £ 721, 62%

L7z Ateld, BEEICHEES 2MOB K5 IC BT EREDRIRSE ORROME 2175 .

OP4-5 Erosion Consistency Training for Semi-Supervised CT Segmentation of COVID-19
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COVID-19 has become a worldwide disease and some variants of it spread more easily and faster which causes more
affected cases. By Mar. 14, 2022, over 458 million confirmed cases have been reported in over 225 countries and territories.
The segmentation of ground-glass opacities (GGO) of COVID-19 from chest CT volumes is useful for the diagnosis of
COVID-19 while labeling is time-consuming. In this work, we employ a semi-supervised segmentation method that uses a
few CT volumes with GGO annotations and many unlabeled CT volumes as training data. We use the co-training framework
consisting of two models, in which one model is trained to predict the GGO region, and another is trained to predict the GGO
region after erosion to better predict the boundary of the GGO region. We use labeled data and predicted pseudo labels of
one model to supervise another model. In the experiment using the proposed method, we attained Dice score of 64.0%.
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This report describes a method for constructing a statistical shape model for multiple neighboring organs of embryonic
human brains. The five organs of the human embryo brain (cerebrum, interbrain, midbrain, rostral hindbrain and cerebellum,
caudal hindbrain) are spatially contiguous. Conventional statistical shape models for multiple organs cause "overlap" between
organs and "separation" where gaps (background) exist between adjacent organs. To solve this problem, we propose a
method to prevent overlap and separation between organs while imposing restrictions on the size of organs, using an organ
representation that combines the signs of multiple level set functions. We apply the proposed method to the shape labels of
embryonic human brains in the Kyoto collection and discuss the usefulness of the proposed method by comparing it with
statistical shape models constructed by conventional methods.
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Fat-suppressed contrast-enhanced T1-weighted images with high spatial resolutions can depict extra-prostatic extension,
neurovascular bundle involvement and seminal vesicle invasion. However, gadolinium-based contrast agents have been
reported to cause residual brain parenchyma, and thus alternative techniques may be required. We attempted to develop a
cycle generative adversarial network (GAN) model to synthesize virtual contrast-enhanced T1l-weighted images from real
contrast-free T1-weighted and T2-weighted magnetic resonance (MR) images for prostate cancer patients.

Contrast-enhanced T1-weighted MR images with gadolinium-based contrast agents and non-contrast T1-weighted and T2-
weighted images in 43 prostate cancer patients were selected for this study, and they were randomly divided into 30 training
cases and 13 test cases. The proposed cycle GAN model consisted of a generator to produce contrast-enhanced images from
contrast-free images and a discriminator to judge whether input images are real or mimic contrast images. Peak signal-to-
noise ratio (PSNR) and structural similarity index (SSIM) were evaluated in the whole images and tumor regions generated
by the model.

The proposed model achieved an average PSNR of 29.3 = 294 and SSIM of 0.780 = 0.0795. Our study suggests that the
proposed cycle GAN model can produce virtual contrast-enhanced MR images of prostate cancer patients.
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In this paper, we used a method based on deep learning to improve the resolution of confocal microscope images. The
confocal microscope is a kind of microscope commonly used in vivo imaging for biomedical research. However, when the
confocal microscope takes high-resolution images, the field of view is very small. On the contrary, when expanding the
imaging range and taking a wide-field microscopy image, the images will be low resolution. Therefore, in order to obtain
wide-field and high-resolution confocal microscope images, this paper uses the super-resolution method based on deep learning
to improve the resolution of confocal microscope images. Through image processing and deep learning methods to improve
the resolution of confocal microscope images, rather than replacing the higher resolution microscope, which can be more
conveniently for biomedical researchers to observe the research objects more conveniently.
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Amid the global Covid-19 pandemic, the importance of telepathology and computer-assisted diagnosis is prominent. Skin
cancer has a high incidence worldwide and early detection is key for successful treatment. Hyper-Spectral Imaging (HSI) is
an emerging non-invasive modality for the gross pathology of the skin. Spectral signatures of skin tissue samples can help
detect valuable pathological features and discriminate malignancies. In this study, we applied exploratory data analysis on a
new HSI dataset of 20 ex-vivo skin samples during pathology. Hyper-spectral imaging was performed using a custom imaging
system that operates in the range [420,730] nm with step 1lnm. We evaluated histology-validated cancer margins against
components derived from Principal Component Analysis, Reconstructed Independent Component Analysis and Spectral
Angle Mapper, among others. Data insights were evaluated by medical professionals. Preliminary findings show that the first
principal components can provide information regarding the condition of the underlying tissue. Such information can be used
to determine optical cancer margins.
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Treatment options for early-stage non-small cell lung cancer (NSCLC) patients are surgery and stereotactic ablative
radiotherapy (SABR), and the outcome of SABR is comparable to that of surgery. Hence, pretreatment prediction of cancer
progression after the treatment is crucial for choosing more appropriate treatment options. Some previous studies reported
the prognostic predictability of topological radiomics features for lung cancer patients. This study aimed to explore a
topological radiomics signature on pretreatment planning computed tomography images to predict time to progression
(TTP) of stage I NSCLC patients after SABR. 125 primary NSCLC patients treated with SABR including 44 progression
cases (local relapse, n = 28; lymph node metastasis, n = 15; distant metastasis, n = 21) were divided into training (n = 88) and
test datasets (n = 37). The progression predictability of topological features (TFs) was compared with that of conventional
wavelet-based features (WFs). TFs were obtained from Betti maps that can quantify the tumor heterogeneity, holes, and
cavitation. A signature was constructed with significant features selected based on a Cox-net algorithm, and radiomics scores
were calculated from the signature. The patients were stratified into high-risk and low-risk groups using the median of the
radiomics scores in the training. The predictability was evaluated in the test using p-values (log-rank test) between Kaplan-
Meier curves for the TTP of the two groups, concordance index (c-index), and multiplication of negative logarithm of p-value
and c-index (nLPC), which was considered a comprehensive evaluation index. For the test, the p-values, c-indices, and nLPCs
were 3.28 X 10-2, 0.80, and 1.19 for TFs and 3.13 X 10-2, 0.72, and 1.08 for WF's, respectively. TFs showed a statistically
significant difference (p <0.05) and higher predictive performance than WFs according to the nLPCs. A potential of the
topological signature for progression prediction of stage I NSCLC patients prior to SABR were suggested.
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I O /NI BR B T (5 T 0[] — SEUS D S S LFRAT %2 47 9 720012, BRI I LB S bE 21T 72, MES DR ILIMEE 05
I A L L T2 T o7z, $72, MEADEREEZ VT, F—fEl TOME B X 2R ZELHNT 217 - 72
MmEEEZEHR LA, MMEETIVT v b OIMEHZ XM Lz—)T, EfzH&kG LTy NOMEEET—HOH)
T {53 C M ] 2SHERE S 7z,

OP10-2 By Wi{FIHHT % H 72 A i O J BERT S W 12 35 F % BRIERR I 0> E B ATl
O m# ', W B2 B 8BS hm 29 Ppa A

T IERER B A B T, TR R gk, (AT R A R v 7 — B RE, TR T
OUy7rATRIY Yy —

B OFEERTRZ I IS B\ CHIRE X E R 2T H O —>Td 5. BRI T R OB ETAIS &) A & SRR
S e, BEHRZEICL o TH SR SNEHMRETIZEDO TEFIERSEND LV I H 5. KWL TlE, EES
B R THOR T2 BERNL L 72 5T, FEUT o BB RIFNT 12 & - TSR 2 BB 5. BRI ATIH)
57> 5 B8 OB O - FHEUTOBH 2T, ORI W THOB) & OXFE - Do) S O - HOFIRZ &% Tt
L7cRHlife 2 FH 55, BREIC L o THIZ L =71 ¥ 7 SNICRMEBEIRE O T— 5 1y P2 W TEIREICET 58
BAAMUE 24T o TR, BRI 2R T & DT RetiavRe Sz, $7z, FAMUEBIERRE O 7 — & £ v b & Rk T R
DF—=% ey b B COEMERMEE 2 1T o 72868, BRI 2RI ohz.

OP10-3 ¥ —%EA X FWifRZEH V72T T - F X ORI

Okl #ik', W 35, RH KB fF #Z? ik A EEezy !
VENHEERI AT 3 Y 7 2 Yy BERIER, BSOS B

AN OB, WHERD2SENZSY), EEErROEELREHZHEIBETH LD, —HTEENLRBIEIL L EFD
IREEFHEAEECTH 5. HEOFIIEHD—2L LT, BEDOTT - F X LMFFEN LI OMp MM ORI S5 — 2 70 5 57 H
DOIRFERFMT 205, WME SN EBWIE2S T - FATHHLIE L, EHICTHILT 22 L IZHREETH 5.

FIT, YU - FARWHLT 272002, WEOBE ( [IEmICHEIER] ) B X ORI E V- CESE S % S L 72
% (MG ) o 2 omi{§EE AL L-BRUE T2 L7z BERECOBERKIICOZES T 57012, 3E
TRGHE & RCE GO M FE ORI 2 BT 5. Z LT EHOBICLA2ERMEDOLA T ZHIMST 72010, Ay T v 75—
WA LRG0 ESEERST AT, FMERZYY - FAOTHULEITS. 20T - FAOWHALE SIZ O W TD
Gabor B Z N THZ LT, V7 - FADORBBRHINEDSY — > ZERIIZEHME L 72,
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OP10-4 R7%&2EX Y T 412 & o THM S 7z A WHER O AH ] V55Tl

O/NRRIBERIE, 5 aR?, A SRC, B KA, RN OIEREC W R’
VIR S I SRR BT SR, * A T, e e LB b B R

Ultrashort TE( LM% UTE) Bi{§id a0 —#f248< §5 2 L TREBHNOKRDZHBTE, X #CT EOLHLY & LTH
HTEDWREMEATREINT WA, KFZEo HiWiE, X # CT i g SN 72B iR & UTE 12 X > THf% S 4172 MRI |
BIZBWT, REFHEBOBIKROMEEL, W & FEEFHED 2 O 55HMdT A2 & THSH. CT Wi, MRI E{FEOF R
Er et T LT, WIS ME S T\ L2 VA L B FEMEESE, AR IR B M S X 2 S R %
175, WEEHN & FEFEMOMBIREIZR 0360 & 720, LCHBEREDH L Ebhr o7, SHOBEIE, EEEHL, W
BEEEM & D ICKHEEM B2 HIEd & & 512, UTE 12X DiRfE S 7z MRI B8 CT EEONE:E 2 W L0 0%, EEE
fili & WHEFEMI S E DR L 725 T3 DA, BHMEEME LIVETAHZ ETHD

7831B8(8B)

£1885E K=V

YURIILA
| 1030~11:50 | SY4 [EREKT—4~N—RE&xy h7—7]

EE: £ =H (SRERRERITAZRAR)
FE #E (%A S*t Surg storage)

SY4-1 EHW G — 7 OFEHZ2 X2 5%y b7 —27 3% SINET6
O Wil
ERALE &0 Tl

E AR Tk, EER 10000 KRFERPHERBEED 2O FMEHO A v + 7 — 27 &4 (SINET: Science
Information NETwork) Z##/H L TwA. SINET X, £ ¥ —At v b EHBHEOME THHTEETH Y, ERESTFOMNEICE
WCUE, tF 2 T4 OBIELLHREL LTORERTEE oTWwS, 213, Al # W72 EEE G5, FRxHEaRy
b O EBEEAE, SK MY%G % 7R BLR R, ERISHRO R/ Ny 2 7 v 7%, SINET Ot F 27 o5 ttie (BEs, S,
—EERY AR SE) W) EE S LA R T b T2, s E oEANIC LY, RICLELR LAY P —
IHEREE RS LEELRFHICBIT2r — A8 4 H D, RFEHETIE, 20224 4 HIEH % BIfE L 72 451E % 400Gbps TH#Hid 5
SINET6 (22T, Z08, et —VY A, EHFHBL EICOWTHRT .

SY4-2 BT PR DT —F R—=ARE L ZNH D726 L9 Ailifl

Otk M
FEISZFSE B S8 NEISEAS AR SE & >~ & — BB

FHTBIS S NS AT ASE A S 30 4ELL EO4E AASEE L7z, Z oINS Tl 2 MEE 3 5 720 O RS ERS i Fh T
T8, 45505 EEHEBICBW CHABRGTANIEEN 2 REH L2 BT X )10k o7z BEESLRFEL &S OFEMMEI R
ENAHH, NHGETMORGIZEIEHRO) 7 VI A ATOIETH L LBV L, NEETFMIIM T OYEE M T oFEHdt
HEWHEE L, 5 F0MERD T — & X— 2L EMET L WERHEFENINCTHERAD OB L. THT I 7T OWFEMEE L
TOHR TR L, REPFPHBICHRTE L L) RMEODH 5T — & N—ZFEED 720 OBAGTEE L T SR EDIEFITK
OHENDLLDTH 5.

E A AZE Y & — BRI TIPS T EIE 0 7 — ¥ N — 2SI 2353 (AMED : [NHEENEFHR O 7 — 8 <R —
ZREFNE T L RS ) B X OTHEE O 7 — % N— 295 OIEH & AL 12228 S48 0L a B8 iisepss s 47 -
TE7, REETIEINS OB, SR ONIZHRERREZIZONVWTERET 5.
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SY4-3 HAREA RS BFARC L AWEZWF Y a F VT —FRX—2 (J-MID) DBt E ZDRE

OWlfr -
ME TR B A7 TR A0 Wl P

HAREZRSHBESIEESHOF > aF VT —F_X=2 & L CHAREMNE &7 — % X— 2 (Japan-Medical Image
Database: J-MID) % 2017 412 AMED O8I X - THEE L7z, BHFEEN® 10 R¥FE L) CT - MR [ & ZD LR — b
RGNS TMID Y — N —12%E L, FHG L ERO~— 2 THESESNTWS, TS0 F — ¥ IZEIBRFEE
Froz v FEMEIZH %E L, artificial intelligence (Al) DR ICFNGEH TE 5 Y AT L D3 %1T-> T\ 5. Hhicid
JMID BMEDT /57— a v &G L, BETAHVATLAVPEASNTEY, WHHHEMEOR I L) Rl B ifiT— 7 O
INEAZTREIZ L TWA. T1E T2 COVID-19 flige B HE, < ETHIMZ: E2xRE Lz AIWE 2475 C& 7205, HIEE
COVID-19 fifigetith Al Z VT J-MID I CTOREZE=F ) 0 7T 50 ) —_A 5 U Af%E 2 EfL T\ 5.

SY4-4 EHER T — & N— 2R DEE LR EWG» LS

ORH A
RURRR S BRAF IR I e 1 17 e A o 8

AR, EREIE ALHZEOEE LC, #iliT—5 &2 EREET— 5 N—=2A2E2MY MADPETHTHED LN TWE, L
2L, WE7T— 5 ZEHOBIZIE, M4 2Em - &8N EIRD2ES 2720, TOEYZNITEEZECTE»201UL, 55
NIHR AL RIIRAT 522 T ML 2o TLE ) WglkEdd 5. HARERITIEMIEHE (AMED) Tid, EREIEASE
ROBET — ¥ N— 22 EET HWMEDOL T % 2016 S HFEML 724, ZOBIIIEE LIzME 2 R L, 8807 M s 2 fi
(72ODEHEZ, HRERIERARIE [T P74 Y AFRERD7z. KEETIE, ZoTA NI 2212, EREGRT—
I NR— AL L OB HNIIHERR L TB L REFHIZOWT TN T 5.

78318(8B)

1518 (KR=)

HhIEEE 2
| 1320~1420 | SL2 [/MEEREH [EPHRE2] BEHFOBHAECTHEH,S
Ehhd, MNREY1Y T IO - ELe]

BER: T 1EF (GUEKH)

SL2 NERRARE T35S 2 | BN OBRGHE CT BIE» 58 rn L NEREY 29 77 O
HEAL

Okt HZ
e AR e v 5 —

INER IR [1ZR R 8 2] 13 2020 R IC/NEREL ) 2 7 OREOWE 2RI, HIRICHREST S 2 LRI L s
FEEffi % SPring-8 @ BL20XU Tid, 2021 4EI12 JAXA 2S5 F 5 SN/ 1-dmm BRED ) 27 7ok 70 20 ki U B %, gt
CTIZ X BIFRE 3 LB 21T o7z, FOMESE, NKE) 2w 7wid, REEIY FI4 MEA LIRS, FERMELTKIC
XL EBRLSZT, FEMICECEAD IV —T B TEL =T 2MEHOZ LG olz. /2, CTF—FD 3K
TCIRHT 2 5 1%, RN 72DIZT T v M2 - 72, BEUIR-> TR S Nk 7 &, FrZilfhok e BEEY 5
Ba BB 2 2 R TWS. BETE, TV RITOBRO—FIZEML, BIEEATHS [1ERRE 2] iER
B OGHAERD SO N/NRE Y 2 7 O - #ALO G2 EAT 5.
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—iREE 13
| 1430~1530 | OP13 [CAD2]

EER A ([BEXF)
FA KR (FEEMKZ)

OP13-1 Deep Auto Encoder % F\> 7= IR {5 5> & 85 bR 95 Pk R R o ) ]
O%fyr fign!, ®RE ¥R, &JF #—° =% 3’
VRN TR RS, 2 BN ARIGE v & — B0k, M LIRE 2 ) =y 2

HIE, BEIROF A R BIC BT AT Hiffr 2 w72 mi§ 2382 (CAD : Computer Aided Diagnosis) DHFZE - BHEDTTH
ncTwb,

IR PEREIRE & 1%, BHRBOZREMEDO—2TH Y, HRIZBIF 2T EEFORENLFEKHTH L L SND. HEkop
JRIFVEREAE D2, BRI L 7O IR E 2 WG 75 2 L THMLTEB Y, ZFiIEEMOFEIC
FBETANPKREL, WEZZBRPOIFEIIERT 5 Z LR TH - 7-.

AR TIE, Deep Learning £l % B v> 72 Auto Encoder |2 & 0, BRI PERBIEAE 2 ) 5§ 2 FiEIC oW THFZE 2479 .
Auto Encoder (2 £ ) JEHl[{%75 5 Decode W% 1ERE, itk FE{§% LT 5 2 212X ) B2 3%, Auto Encoder
X, 50 COER IR {§7217 CHF S THRET 2. 8 EAD Auto Encoder 12D H 2RISR AT S84,
Decode B IZBEIVAEITLEN WD, MBEDOES % L5 L TREBREOMBATEEE 25, RFEEREOIRZITD
ZXiZEh, BEVEOD LEANHREE 2 D W oR EFETE 5.

OP13-2  HM#HIC X 2 Ffa R HMHINC B 2 I VR 2 3 — T iR O SR BET
ORI FIR', /A B, ML s4?, u R R kR
R S B T G TR, MK R R AR

TEENABIINIBNWT, TNRAT—T L LEN LA Z AT EFHERO BHIC L AREI TN TS, Rt
INRATE =L XIEN, FESDADHEBW % 1T ) MRS O 720 OMERZ RIS 25 %2 e T 2 EEICEELBRETDH
L. TESEHOBERIFISILIREET L2720, INEAIE = |JI3EERMEE RESLBLE XN, KifgeTiz, o
VRA D= TG E O CTHEWFEIC LB AT C& ., IhE TG E LT, Wdgsti et EEE3 12
L7zzaVRAT— TG EFRTCFOTIHHL T, LA LEAS, TVRAT— THRIERESECMAELR EIC L
DAV KRECELRL, 22T, BHEMETE, BAhhAa—F Vi v =2 %2/, TESERORENZIREDO—
OCTHLABLEEOHRIZBNT, TVRAT—TEEOOECIIEH L2 BHGEIIC & 2 SIS O 2B D W CEERNIC
Wt L7,

OP13-3  1EBIE 7~V Mk LR 5 DRI & % 15 MR ZE Dk
O=dfu=x—FLy b 7F4—" FA LK, & R, FEfr? bR 37 Ok gt
VRBK S BESER AT B A 74 TR, P RBOKE KAERE R RIT R R AR 3

Cervical screening is a crucial component in the mitigation and treatment of cervical cancer. Multiple procedures are
often used to produce a diagnosis, most of which are not readily accessible in low-resource regions. Thus, visual inspection
has been designated as an economical alternative despite its subjectivity. Many have attempted to automate and improve
visual inspection with machine learning by training models on cervigrams, however most rely on the assumption that the
data is fully labeled when in reality such data is often dependent on the limited biopsies done. In this paper, we assume that
a multilabel cervigram dataset is positive-unlabeled, meaning labeled cervical lesions are confirmed positives and unlabeled
lesions are either positive or negative. Learning was done through simultaneous training of a classifier model and a propensity
model which estimates the likelihood of a lesion being labeled. This approach was compared against a supervised learning
model commonly used for classification tasks. Results showed our model outperforms the other on several evaluation metrics
used to assess classification performance.
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OP134 il 2 w2kl s 7 5 < Wigo s 2tk ik o
Om  Figg', Hrf 2 WH K ME BF

VIR R AR LS

HAAEOWB 2R OB ClEOEEEZ L > b o og LCRE S <Y BEDSIECHWSNTWS, Wif s 7 < Eifg % 5
WZEMPLEEBI L2 VT 2R 555, HRICEEMARL 2V 2 &0 2 ToRT 2 —2F oMl L, HREOFES
PR T A MENH L. TNHOEMIZL > THRAEAL EDEREROEDIKTIZO RN A WERENH L. T, BEICEL T
WiRL S TR BRO HEFEITAE EFN TS, CNN & HW ki HERRROWITE 2 S 505, IIEPNZHEDL L 72 i AR 5 1E
T 505 RBEMMEL TR, RIFZETIE YOLOVS & w7zt oz, 4 FEoM#EY % & wmF oMt 17w,
FNHIH L CHATAGE TV 2 HOWIol A b RE I X - Tl 21T P2 IRET A, IRETHEOFEBRERE L
CRBARFE IR N 97.17% % 3Z0 L7z, F 72, w2 7o e 2 BFF L, ERIHIRRE 7V & vzt s AE2 R L7z,

In the current dental practice, many panoramic dental images of the oral cavity are taken by x-ray. Based on the dental
panoramic images, the physician or dental assistant prepares a medical record. However, it is necessary to check all the
teeth one by one, including those not directly related to the treatment, and to describe the presence or absence of treatment
scars. These burdens can lead to a deteriorate the quality of medical care, such as erroneous entries. Therefore, automatic
analysis of panoramic dental images is needed in medical practice. There is research on automatic tooth recognition in
dental panoramic images using convolutional neural networks (CNN), but it is difficult to obtain sufficient accuracy due to the
presence of multiple similar teeth in the mouth. In this paper, we use YOLO vb, a type of CNN developed in 2020, to detect
teeth, including four types of prosthetic teeth. We propose a teeth recognition method for the teeth based on combinatorial
optimization using a prior knowledge model. The proposed method achieved a maximum recognition accuracy of 97.17% as an
experimental result. Therefore, the usefulness of optimization using prior knowledge models in combination with prosthetic
tooth detection was demonstrated.

OPI35  Z it & OWVE M BIZ I3 1 2 kAR O T KA €
OMR RV, filf H—' K& ®’ELY WA BiR? =% EH° ZHE-K
VEHOERIGETT AR v 77— S TgeR v =, P IR KB TR B IR, SO AR
PEERRGERE  WURR, SRR B RIRER IR

HARF 234 E 14 gk A 5 I L 72K IS O WT, IEEB X O 1 MBEOREBICHE L7284 1 3 Tlifrdh 5.
INE S EIRARED 7 7 A% TIEEHNZ 3 7 7 A5 EI L7z 14 7 7 A0 2R L7z & 2 ARRARE ORI 93%, &
FEREDRRRIAIT 43% Th o7z, 5B, WIS L o THEY A ARA T — VISR kb2, A r—VEabEd &) Ko
AL 2 ZR L, BRBAL LB e BTl - il e o7

—HRIZ, BT REZTADPLVE LY PO E—RES R VHEPHEIC RS, 22T, HNEOH IO &350,
TN RE D EAEEE & BN E T 2@k las 2 ER L CHlAE 2 2L THEMLETE 20 TR 2V L E 272, BB TR L7z
R 2 AR A O F I, fRNEAE L HEE S NRERNC IR H E ORI GR T ) LI Lc e 2 A, RN ORI
ZZDE F T, FIEEOMIEE 64% 121 LS €L LTS,
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—fig’®E 15
| 1540~16:40 | OP15 [CAD3]

ER AR #HA (KBRKAF)
Bt 7L (FEXP)

OP15-1  BRRTEHIZ N2 722 A ResNet 12X % CT WifgA> & OREHIIRER 2 Ok
OAM wt', &k #H% e F A5 min’
UM TR R B TR BE R A T2 RANRERIRI T2, 7 KBRS R Bl 2 R BFJE Bk A T AN I35 75 3t
IR gl e

PAE, WA AOMAESEL LTCT MENLCHWLNTWEY, Ho515 CT MEOKKIEFATHY, FrEMOKRS
GEHLE S TWD, 22T, COMBEELERT 270103y Ea— 9 EBHT AT AOMEIMTON TV L. —#KIZEH
MEZW AT B, WEERIIHIEFBRO MR L TnD 2 ehs, TRERMTEMT I L1280, BEEELm LSS
B LVH) M A THN TV 5.

ZZTARBRL T, BRI VT ERE BT 2 2 &I X 2B Eon Le By & L2k o2 R8T 5.
WD 5RO — R & SN 5 MELOFIIERCME L, MEREE 2z 8T Ve LTHEL, RT—2 25
DI EAT) . FEERTIE 169 MOREEE &% & 4Ft 636 AUl L, BRIEHRZ B L 7258 ORI, mgEEHRO A% H
WA E LT, HEERE IEMEIE 1% f R L, BRRIEEROBIN & 2R LAEREL T & 72,

OP15-2  Vision Transformer % H 7= X f RO Wi {5552 X 5 COVID-19 D

Oft welli!, HH W', PR wZ, =k W'
N TS R A P AR

COVID-19 13# 4 2 Wi R ST 5 PCRRAIX I b — ki 7225 RO BHICE M 2 B3 2 7% COME S - 72 . %
DI O BRI ZBW D 72 D BN L AWFEAITh LTS . F 70, AAREEWNICTHIH & 15 Transformer % [ {§MLER |2z
F L7z Vison Transformer(ViT) 1%, —#& i 2 W& 5 TH W 55 CNN & V912 CNN & RIS LL E OS2 5 2 Edbho
TWb  ARZE T VIT % fiv T COVID-19 B#E OJEE X MM R OS5I L 2Rl 23 Ed BE 75 N AX—=8F 2A—%
i bl Optuna 2 L, B#IRSN/24 77 14 ¥ A4 9 RAdam HOFEERTEE Z4T7-72. F/2, IEFREL EOBECEHME L
ToRER, HARIETH 90% OFEEE T Z e g oz, T REE L CGRSEOMBEPLETH L SRIIEERE L IEFE
DR SR 72 7230 |\ B HEAYE & B L AGE L EEESNT 2 1T .

OP15-3  LPC & HPSS %\ 720l o 1 B 55 H
Omu %3k, B B, M L W% A1EL AF e’
PRMTEER, IR, KB

Mg B D% TR OJEN EALIZZST 5N TB Y, 4EM 800 T NEWVILEDH T\ 5, MR B o F 2 2 W)y 3
Tirr HWIlEZThD, UL, EENIEENL, BBEELREMPAL T 258 LER, KEBRE CIEZW oS Kk
B ERH L. ZOMBEZRT L0, EEE= 0290 - 780, [E_oBF/] tLcHhdsarda—%
Z3ZZ Wi (CAD : Computer Aided Diagnosis) ¥ AT AN TH 5. R LTI, FpE 7 — % % JIRITE L5 78 (HPSS :
Harmonious / Percussive Sound Separation) |2 & » CTEE M-SR Z ML, w2 &0 3MEoE S T—% %, £
N2 NI T 4HT (LPC : Linear Predictive Coefficient) 12 & o TSNz AT M IVEAKED S BEEER 2175 . 3HEOMH
%% CNN (Convolutional Neural Network) & LightGBM (Light Gradient Boosting Machine) % H\WC43H§ 5. RETH%
ICBHI (International Conference on Biomedical and Health Informatics) 2017 Challenge T &N /z7— %t v MI#EH L
724 J, Sensitivity 1% 58.8%, Specificity & 87.0%, Average Score X 72.9%, Harmonic Score & 70.2%, Accuracy 1% 73.7%,
Area Under the Curve 13 86.8%, 1A= 294% = 157-.
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OP15-4  EAE - RYEBMELER D720 DL KHERE CT MR T — & N — Z/E

OWW K\ W M Gk AL OBIE WS I (BB M A LW SR L
Koow
BB BERS AL T RE TA S, R K A S TR, RO TR R B,
PR, P WRKEFEN Y T v — EE MR e

2 3 TTiE R CT W% & Bl - BFIES, & 8 (ST L O - BUEG O E A SR MET L. 2072l
i - EIEE 200 FEBI O L KRR CT Mg 7T — & N— A &ML 5. ZOLRMEHGER CT W7 — 5 X=X & HwT
TR & IS 5 O (I RS I Y A, FLBIRE I AT A, BRERIERIIED A, AEBIRHE, 4> oA h—<) %
3D U-Net & FIW Tl - mkSREICHh L, PRI, i, BEGOME - B, M, JEER - Bk - MIIRM - FiHmigz -
FA5) 27 LTHENT 5. AMEOBIES OIEBRBIE 2 AT L TR 2 MEOE IS O bl 2 77§

To develop a highly accurate differentiation method for malignant and benign tumors by precisely analyzing kidney and
renal tumors from multi-temporal 3D contrast-enhanced CT images. To this end, a database of multitemporal contrast CT
images of 200 cases of kidney and renal tumors will be constructed. Using this multi-temporal phase abdominal contrast
CT image database, 5 types of kidney and renal tumors (pallidocystic renal cell carcinoma, pigmented renal cell carcinoma,
papillary renal cell carcinoma, angiomyolipoma, and oncocytoma) will be extracted with high speed and accuracy using 3D
U-Net and analyzed by gender, age, volume and shape of renal tumor, type, non contrast, arterial phase, portal vein Clustering
and association of phase and equilibrium phase images. We present a highly accurate method for the identification of small
renal tumors by analyzing the circulatory dynamics of small renal tumors.

OP155 3%yt CT W{RIZ X % U AJili o Hiie B ALK 52 f A

OffA &', KR BEE', Sk FHEL W R R &/ RA RRS, A AN 1
A&
VHEESRS, AGHEEIOFIOREE, WIS D SWBE RBERY, B S RS2

CANliE, B CAZMICHAT 2 Z LI 8> TE L DRMEEEFRERETH 2. BARIZE W THLE 24 7T ARTERO R L A 5718
HDLAMRERESHT 2 275 L T o, CARMERESIT L L Rl AL X Mo L i s 92 S v 2. Bl HAE X
GEIZE-oTHEOM, 1M, 28, H3M, H4MGHEEN, 5 1R EOBEZHKERE L %205 0 MO EHE L)
KRBEOMRE RO RVIZOEMICEH L 2 UL b &, 22T, EFETIEHM X T EIC R CIEMRISRE % FHET 2
ZEHTEDIWICCT WA B E LB SN T b, ABFJETIX, 3%ICCT Wf§E V7 CAM OB %
VAT AORFEE BIEL T D, BEEGIOES O 3 KIC CT Wi 5 UAMORIRE Z MM L7z, U AMORE5)
KRR O, KRES, HM 2 BT 5 2 L CREEMICEIEEOEST & BITTEHE 2 3 L 72
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ER:1REY RE (EHKP)
wE BR (BMERIKF)

OP17-1  Faster-R-CNN % H 7= &5 X K512 381 2 ik i o B

O w'orE e
VLIRSS BE AR R GERE, * LTI S B S R s i

W 2S ANZIENENE IS D h oA FETRE DITHE 1MV E o TnD MidSAGEMFERICLY | BUIEESBG T X UE
HEROLAPPFEINL, 2020, @, EFARZICBWTUIWE X BBREICL 2 22 ) —= v 7drbh, EEoa et
WH L AFEE AR S IUE, CT W% S X 2B TS, SEEME CHog S N5 HE X BEoidEkThy |
HEEOAEIKRE L RoTD | F72, MGENIIRE 4 ZIBERLTRE DI 2, WERUEE EEER > T SN /-8EI1
1358 AT LW,

2 CARWIZE T, KO BIHOB ) & ks Eio Wk & L oFlE HiW& LT, Deep Learning ®—7FCTd % Faster-R-CNN
TSR OB FEOREE L 1T - 72, HARBEGHEFEMN 4 (JSRT) 77— ¥ N— A & W TIREFLEOFE L i 217 72
ZORER, MBS - RIS - W & S I7ER TIREBESRIE 78.0[%), A3 64.1[%] & 7 o 7= . —77, WA IR 12 K -
i THREE S S NRERITIE, ZNFI360[%] B L 517[%] & 7% o7z,

OP17-2  Supervised Contrastive Learning % H\W 72 CT W{RIZ BT 5 OV F A B o BRE
Ol et !, WY EE' A5 Wik
RN RPRE 5N el = X s MRPN T N ay NE e Y =

FRAIEETIX, Cross-Entropy Loss # W25 Z & T, fFHEZEMICBWTHFHELY 7#ETE %. —7 Contrastive Learning
T, L7 FAIETAT— Y OFHEIIRL, B2 7FABTAT—FOEMEIIEL 2D L)% E2ITH) 2 &£ T,
D E, FO Y T AIAREN R EOMB TR L 2 b, RIIETIE, b ) FEOVHMADT T, TNIEHRE
HH LT X0 @Y RO IAR % 1T 9 Supervised Contrastive Learning (27 H L, JEE CT B{E D&k 4 A 7 1@
L7, 220087525 F A4 ¥ (RIRFIREER], 11T RFREIES]) 4 4 ~O@Is, BL PR A A V2B @M OBLE»HT-
72 4 OOMGEE/ Y — 4 TIZB W Accuracy YAl B L7z, 72, +SNE Z W #EoTHbic L ), 7 5 280 L ) i
BT NV—TORK MR L.

OP17-3  Contrastive Learning (232 < RIGHIIRIC & 2 WER CT WIGRICH9 2 SF A

Ot #&E', 727 L=wy v ! M EW', A A% KW #&A° WA B 5K B,
A FHE!
"RRR TS, BRI, O R B EEA R b, IR AR, R TR

FEHERZR L By e LC, M CT Wi o SEEAMMTEERET L. W - BEEZ5HT2 27 7 Ad#ilia%E
R LM BT — 8 LB T — 4 O T — ¥ BUCARIEE DT B LR O SR L 20 b REFFETCIE, IEF RSy
FHEOMRBEESAAICED 1 7 T ABRPZBEOEZ T AT A2 LI2X), FRT—=5 8O0 5 AMOREE 2 FHT 5.
TSR ATIL Xy F IR CEERDO 20 Tld 7% {, WG OER 252—271) v FEHCERHE SN S L9 RERITEW T
ks, 22T, Contrastive Loss 12250 { HIZ L ATtk 3 3%, Contrastive Loss (ZFIHFEDIE D 2 23R
HAEWARERT L ECHEATH Y, BEETREERTIE & Vo 728K L TARE LI 258 T 5, K5 TIRIREEIC
X BIgEE CT W% o B S OB G Al OV THRE T 5.
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M aMET 5. EEBERE S5 OFEEREICB VLT, FE» A, BEBRUNA, O, MEFEL A LRZO
JES A M5 2 EAIRE S NS, SNFE TONETIEWABIL 7 )V T) X4 YOLO & Fv CTHHESRID 21T 5> T X 7252 D
F—% Yy MZEH GBI IE—2oOMEEHENAIRE SN2 O FMEH L Tz, ERMEFD A RBEEOESEHEEAE > Twb
CEDLVDHEM LT =8ty FTIET /77— 3 YORERTH o7z ZO7DEBIENTA A OBHEE XM IEE O
HWARTECHEDSH - 72, 22T, YOLO OFFH R IEE O IZI0 U HEOEA T EBML 2. SBETFSAOEEL L o
JERE X VNS T HIETARREERT /) T—2 3 Y OHEIT— % %O 7B O RS L 18 R B B O D FERIY IR
3.
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OP9-1 MR ¥R BIHHIRIC 515 % MR BHREBCE AN LA20IE & 7 X M IEO 7 — & RO AT
M5 % bt
OXPI BT, fHE Tk
VR E R R LR Y A T AR LA EHY, P HAREMRE AR IIIFEE DC

MR Wi 0> CNN FHERGE I3 CIREENTB Y, TETIRBAOWGIRN FiE: & CNN O HENTEH ShTwnbd, K4
PWEAEFE IR L 72 eFREBASCNN 3 20— ThH V), L EMFEENT Tk eFREBAS 23 & CNN Z fFH L, %7 2 ik
Bod sy i SHER S N B EHA DL WG %, 7V —FTEIZHMEO CNN THE$ 5 2 LT, SRS osciEomn Lz Mo
72, KW Tld eFREBAS B H AR TH LM E 2 MA L7z, SO 5MENHEEZIRET L. VHERT 2 EZE GO
FEH LRI, —MRICIEEADEE DD, WEFOLI—E5PENLEIELY xBIZIT 5, HHVIE, VHE KESE7-5E
WAZ TR A O % S L 72 MR SN HIRT 2 2 EWE VRS, 22T, 49 VIV % #5OM (§ & 8 5
% a9 %5 2 & T, Data Augmentation X Test Time Augmentation #47-7-& & L [FEOREEHE LN L THEEEA L.
FEEROREE, WETHEOEAICLY, (ERELIVLT—F 772 FOBRFIMEREMNNLEL, PSNR 2if# &85 05 TE 7.

OP9-2 Whole Gamma Imaging {2 & % ¥Zr #{RI2B VT I09%keV 2> F b ¥ 4 A —Y ¥ 7% PET O%
W14 f B % /8 2 % T RETE

OWR &', WA AKX $F 0Z, & WA R W RS us RB#RY
VTR B T B, © Tk

PET (XM TR & MAEERRINIC X - CHRRIIC M OMRESHIR I NS, —F, 3T A X=Y v 7iEZFN s oflR
v, REFFE T, WGI (Whole Gamma Imaging) (X532 7 h A4 X =V Y FH PET OZERGtie 2 B2 55
WREMAMES 2720 Ey 7T v Iab—a Y &MLz BAWIZE, PET Y » 7 (LGSO, E & 20mm, HEE
320mm, ¥ )L 15 x 15 X 667mm®) (ZH@EMRMHEEY 7 (Si, JE S F 20mm, EE 86mm, Y2 )L 025 x 025 x 0.5mm’,
I AV E —4MERE 0.3%@511keV) 28 A Sz WGI % Geantd TETFMLL 72, BT & 909keV D > 7 VI ¥ < &l )7
W5 ¥Zr W L 20 EEHEH T Yy F7 7 > ba%, SRR OICEVWGE TN ENOMEZEE L2, T3
Few g Y RYIZEY, PETANRY MR, 909%keV DI YT M ARy b2IIHL, ZRENY A FE— FOSEM #EIZL D
ST 2 AT 5 72, T OGS, FOICEWZ28A G PET & AR, M@V 72 E 1 IZPET CEG M CE 2> 72 lmm B v
FECTHBRTAZENTEL. WCIIZBWTI Y T oA A=Y Y 7HPET X ) BB RRE 2 15 5N AT RE R E 7.
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OP9-3 Deep Image Prior & J\»72 SPECT M{EFH#KIZH T 5 EM-TV 7V I X L DRE
O%h e, WIE HEsg® ¥ —H° R EE Wik Bwe, S5
VELHTR R B B T AR50 RE, 2 AKIUL ST A6 B 2% - N RE Y o 7 — IR ZEiT IS F 98 & o~ & — e s mr 7B, ° b
BT ERRE IR Y 2 7 AR, WALk A 20 tay - SYFTA Y =Ty 5 —, P IJEKE
KA T2 22 R

Fa D7)V — T TIREMEEE SPECT BEZHEL TWEY, +0% 0wy F3ELNZWEE, WEPHILLTLED.
A2 IFFHFFENPAET, ¥ =7y NE{EO A T4 % 75T & 5 DIP(Deep Image Prior) ##H 45 = & TS 12 D)
L7, AW CIIT A2 A ESREY HfL T, DIPWIIZHA T, b= )= 3> (TV) ZIEAMLIEE L THARA
ZEM-TV 703 AL E RO EElEEme L, Bl 7 7 > b2 &2Hn/izy 32— a v EBR%fTv, DIP #E TV &
TV O, DIP O, DIP A TV A CTEHER L 72§ % ik, 2o PSNR(B) & 32.09, 40.3, 41.64, 41.72, SSIM (% 0.8590
09355, 09462, 09467 & DIP & TV O#MAIEDLEDHRL Bh o7z, $72, FEMF— 712X 2k E %L, DIPA TV AICX -

T/ ARXDPMEIEEN, 77 v N LOREENEEIHIC%: 572, DIP & EM-TV (2 X % SPECT B{§ 0 B EEER) RAR S 7.

OP9-4 Dual Energy HELRARIE & SIRES VF ¥ R —VIZ X B H0E X 8 CT o Mg &

OBy sk, B WK% 6 SOk BT M WM B R 7 Wik W0l &
& w
VRARTR SR BRI LAY, IR R B LR JERY, ° Al KRB RIIJeR, | ROk
BSHERMICRIE ¥ & —, ° BT AV ¥ — IR e W RO A SR e

Fa 7 V—7TlE, FERGHET Y FILEWE AV CTAEREREGROIUS 2L 35 ¥ R — it X CT ZHEORS
ELTOWLY, BERIPSOMEMOBEIZL Y IVFEOT Y VT A MK RS, 72, ¥V 7IVE Y R—IVIZEED R
T2ORKET 7 A AWK E LD, RFZETIE, Dual energy BELEMIIEE E BEIE< IV F ¥V A= Va2 llA bR LTk
WCEoT, MEXHCTHGEDOIY FT AN A X (CNR) OELR R4, HEHGHEE XEFH LT 7 7~ b 2 9FER
AT o 7oA, FAERE S CNR 1L, B 03 mg/ml DI vHEIZT, Yy 7 IVE Y R—)b - FERRIEE L2, BELas
EW2ED 301512, wVFErF—bic & Y 22 512, W7 C 46 #5128 S 7z, Dual energy BRELMMHIEZ & ~ )L F
VARV OMERD R L) FERESROEE AR & {UEE s,
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OP11-1 F—% - AT AT A (SAKAS) offse e~ 4 70 - il CT ~O#H

Okl W% Y, wA GEH', K HED ORI - WRSEAT Kk 70 Pl Bl
DY v o bl Y s =, f () HOLRERTRIGE RS 2 — 7, P R R L — IR SR RO
BHERISERT

~A 270 CT MM CT HEDWETE A A=Yy ZFICE VIS LAZER T — 21220 T, ¥ FIVOZRTRIRIES
Mz, XA ATRE =0T 4 Y OFHIEED S, FEROBGILEICE 2 £ TOEMEHREAMIZID v, #ETL57—% -
HIVT v AT L (SAKAS : SAga-LS data KArte System) DfEEX DTV h, KT AT 4 Tld, ERISERHNIRA L Twiz
%, FF A MERX (windows @ ini 77 A VER) TLHEOHI VT - 77 A NVE LTHEBT L0, EO LD RULESED
I BTN DB HER T L 2 ek D . BAE, PO E & fI L Oy 7 - O5EZE # 2, SAGA-LS
BL 07 % PF BL14C THRERI 28] 21T > T b, AFEETIZSAKAS DL, ~ 4 2710 CT K OREAH CT 0D 5 # 45
WZDOWTHINT 5.
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OP11-2 A reconstruction method for binary limited-data tomography using a dictionary-based sparse
shape recovery

OnA4a7y ! Ik widk’, Tk g’
VRIBRS KRB AT ASHTERER RE TR TR T A, P RERE Y AT AR

Binary tomography is concerned with reconstructing a binary image from a very small number or other limited CT
projection data. This problem itself not only possesses several medical imaging applications but also can be considered a
model of general inverse problems to recover the object shape from limited measured data. Several approaches such as
Mumford-Shah method and various

level-set methods have been investigated, but most of them lead to a non-convex optimization due to the difficulty to handle
the binary constraint. We propose a new method based on a convex optimization inspired by dictionary-based Compressed
Sensing. In the proposed method, object boundary of binary image is represented by a level set of linear combination of
basis vectors in the dictionary. Using the dictionary, the object boundary is reconstructed by finding weights of linear
combination which best match to the measured data and the regularization term is the L1 norm of weights to enforce the
sparsity (roughness) of binary image. We investigated two different methods to create the dictionary. The first method is
based on locating Gaussian functions at non-sparse grid points in the image. The second method is to prepare a very small
number of elementary shapes like circles and triangles followed by enlarging the size of dictionary by applying geometric
transformations (translation, rotation, scaling) to the elementary shapes. The simulation results of CT image reconstruction
from only four projection data demonstrate that the proposed method is able to recover the object boundary more accurately
compared with other competitive approaches such as TV reconstruction followed by binarization, empirical Discrete ART
(DART) method, and dual method (Kadu and Van Leeuwen, IEEE Trans.ComputImaging2019) (one of newest approaches
of binary tomography). The significance of our approach is the formulation with a tractable convex program while keeping
moderate mathematical rigorousness.

OP11-3 Whole Gamma Imaging i/ fEBD ¥ I 2 L —3 3 Y IZX 27l
O%ists ', WA Alk® % Wk R R e SOEC i FBHC
PTgEReR, PR

Whole gamma imaging (WGI) I PET & 2> 7 s ¥ A T2 flAGbEH L VEGILEM cH b, 23> TN T AT%H
FIH$AH5ZETPET ClE/ AR THoY v I NVHT <2 fIHTEDL L)% A, RIFZETIX, TNETO WG IEHK LD
bR L KON LA HIS L CRst L BEBEOE Yy FHALMOY I 2L —3 3 V2K AT E WL Lz, BAAMIC
X, HEMERRDO Y T L — % % GSO 5 TR IV F—SREED VY GAGG L 45 2 & THESRIEDM L2 XY, WU T
2213 time-of-flight PET 125#3 % LGSO # 7z, $72, 9 ¥ ZOWEZ/NE LRI IICMHIZS & & CIRREE 21X 72,
89Zr MR & I\ CTHE AL 5B FIANC 1om MR CRIBXEE L, AESHREE RELZFHME L. /2 LYY T 7>
b A ERG S U TG 2 Uiz, ZORT, (e & i U CHEOMEE L RED L L, W R 12 X ) EE 3mm o1y
AR C&E A2 L 2R L 72,

OP114 2B EFT OO OEERHBEHN 77 v P A2 HOW-#F
Ol Ea
BB  PORMRER

LIS ST BV, BOEATETEIHUELHMWIZ, ZERBMOKEH 77 FaxB L. BELLZT7 7~
b2, XBOWRNENRL L 3FE (¥ - Fi - f8f) o Jifk7 7> b4 (XCUBE) &, XCUBE 28ithis X % 3 o
FH2TEB AL T Ty 7Ky 7 A (BBOX) THERIN TS, #HEMEIL BBOX Offtts S 4 3o 27 At OALiE 123 LT,
BALENE SFHHDN IR T 7 > b A DOMEHFRE SN0 % X LS ST+ 5.

FRNT O IEFEE & T ORI 2 F — AR WA TS 42 [BBOX 257 A ] #2021 F 11 HIZ2200OK%% v h TEW/S
HIEARAS T L7, 3~4 A% 1 F—2 L2 F— AL AT EMAKREERL, 7or— MERLOLLHEH LS
HTHDHIEDIRBENT, BICF -2 TOIAI 22— a VEENR T —21OBIRDPAERTH D Z LR TE 72,
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OP12-1  JWIE{RDOT > 5 L & LIEH 5 L S 2§ fse CTRiili -9 2 15 #ets B w gk ik

O4zil i, BEW B3R, (W ikse?
VEIRTRRSE TN TR * SIRPER R BB

VAR, B AIAA Ay N — 27 (CNN:Convolutional Neural Network) 7 & N THIBE % 1 o 7295 FL ] (555 Wi il 2358% A2 HF 9
SR E LIF5—0, ZOHBRILEZRTZ EAEE L TRENAPT LA > T b,

ARWFFECLE, W2, FIWORI 2 SR A BV 2 3B I G S Wi £ oW etk 2 38R 3 5. Fe4 1L, HEEOGH > T A
B EOZNEND, [HrThbH| & [IEFETHL]| 2@ T4 ETOBREs ENEZERH> TWLIPIZERTL. 20
TEHEORE 21, ZoF HMRMOE SIS S, Lzt T, FRFE G O&/NEEE & $ 15 BH{EA R o 1
WAL TREL EFNE, ZO/MNMEBOT 5L E - EHS L SOHWRIE ER{LTE A, HREEFRLE AT /22 OWMH
b5 % NTHIBERBEZ MO EE 2 > <X CAMELYON16 ® 7 — % L 4 DA T 2EGIESL, 207 7a—FOFEE %
A e

OP12-2  Graph Neural Network {2 X 2 E WY Y RlOH 7 % 4 755 & PRI & 7 2 Rilats o #i{k

Omrp fEl', A 2 BH EW', 77L=yy vt KB #-° = w0 kA RS
T —BY AR R
VTR TR, EMEERIGE, AR R A

100 FEFELL OB (Y78 A ) RFEOEM) YoSE, T8 A T T ETERFERREIROEITHE SRR L. 22T,
REM Y75 4 7T % Reactive, FL, DLBCL @ H&E Hettlifez A& LTH 75 4 72 MNT HBWHRY AT L%
WS 5. 2T, Mz AL 3 2RO TTHAL 21T ) 37 5 Tl oME L BIRS. MR E T 501,
IREE AR O E IS IO S B 2T ) 25 Toh b, MINCHFS I 2 2 RS 2 720 i3m0 e 2 — F
&3 % Graph Neural Network(GNN) #4495, 2 LT, sRBRMOWHAL T & N A AYEER 2R L BaT 5
PE)POIERT B, R E LT, BIEIEA 80% & & o7z, MBIRILE, DLBCL 13139 < CTOMEMATEMNIZES L T
W7z, ZHUIERDBIAL LT T E A T TH D L) I E—F L7z,

OP12-3 il % TESLY 5 IRERIa a5 i 5 581
ORM EX, W AT, B & R e’ wr e
VRIRERAE TARYERY, 7 A IS AR A SR

AWFE TIPS EMIE OB (% 2 5340 208 2 R ET 5. OESAIIEESHWORMERIEETH Y, HRE
BT 2 LTI 2 S s, L LERIBIEREDE C, WEEOGAII L RE v, I EOBIHER 21T T4
SERM M REOERO72DI2 S, NEIRZ G BB TOET 2 FEFEEIN TS,

M2 GO REDIEHERTH Y, 2oz an vt SNMEAMELET 5. Lo L, BRGS0 X0 B0 2% B
TRICOBET 5. EHEMELZEAL TS, BARAAZ 22— T 0%y MIMEOBIMEHOAZFE T L LIERS v, K
WETiE, WROBIGIEEME L MIZ D 2 78— ZPEIZ3E0 S flil L 72 g O WA 0 A TRBI 3 2 R EFE T 7 v e iat Lz,
REFHFGMEOEREZWHERMTT /7= 3 ¥ 3 2 LEH .
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Al HATOAESRDZE L i ¢, MEZ o BB L ITRIUEZE O ZILIC EDORREXMIE TE 200 E W EZICAHECH L. Fx
&, D& ) B SCER AR (BRI L 72 MM 2 W CREMEENOBEMLE Hfs L T 272 AWIZRIZAMIE TS Lo &k
AAZ2—=F N Ay NI =27 % R0 BEEEN O AL Z L2 HIgE LCHEM L 7.

(5]

RETHEARAE & BRIR 2 ISR L U, B S B 1737 A, JEIE 706 70, #2813 BLIE 716 M, T 664 Bod 7Y
OV & VR L 7z, BB (% 08 % 47 > 72 VGG-16 (23 L, RMBEE %2 VT 7 74 v Fa—= 7§52 & THRM
NS HEE T I 2 HEEL L 7.

[ - &5

SAORE R, Bk RERAS082%, AL IFIEEA088% Th - 7. WAL D A7 & TN 2 BEFH 3 2 & & CTHFE k230
LI B EaREREINS. Stk MBZWICHE T A INEEOE W Al #5545 FTHERELZMAEZE SN

OP12-5 =R T4 FW{R%E v 72558k B Vil 98 o0 95 Y 1 B 50%8

OpA MW", #d B2, Al AP, BUR ML AR ek, SRR Bk R, i
HoOR&!
VHEHHBERRR SR B TR ER, * BEHI PR R 2 PEARMIJERY, AL ke, R T A

[E&y)

JE A O3 T & 5 BRS8N 2 3R BN & o TP ERRGIFEDPREC R L 22O IEELRZIRO 5N TV 5.
RWFZETIE, FRISVERV R S B G OMMBIEAREZ R— VA T4 FAF ¥ FICTHRE LZWBRICH L, BARAZ2—F )V Ay
T =712 X o THIEL A BB RS 2 LR RS L7

(5]

RIFZECl, FEREMER MM 22O C O FHRA R 2 FERMEMHEE (IPF) & 7728 By KT 70 FR e S04 1 - MR 95 (NSTP) O
FHEIT) . FTREBOMMIERE K- VAT A4 FAF v J (Carl Zeiss #:3 Axio Scan Z1) ICX > TAF v~ L, H5N720H
5% 224x224 WDy FMFEZ5E L /2. BEO553EI21E DenseNet 169 & vy, 73y FH{G O3 REZ P T L2 LT
SEBI Z & O FEAER A EH L7

(&3]

IPF 3% S ERI 31727 £, NSIP & 5 fEH] 28919 ML i 14 % Fi v Tt fe % 574l L 72. Leave-one-out ZXZEMGEH: I T oy
M7k 24, IPF B & NSIP GO 58 IEfRERIE 75%, 60% & 720, A IEMERIL 60.2% & 7% o7z

OP126  U-Net % i\ 72 KB BB CT Ol 3 kot X 27 1 W5 oD Jili e B il Hi

OZW B!, wH R, sk FE L MR %0 B RS0 BOF RE RMA ®REC &
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DRI, KA ) WMEEGRHERIEE v —, TEEERR, R ISR AR Y S —, Py ) =T
IRy =y 200 - MG, ° RS R ZE T

fififa e HifaZE D 3 kIC 2 7 UREEOMIICIT T, Mgkt 7 A 57— a v 279 ZLREETH L. AFFEOHMIZ3D

U-Net # fiWChilifaiet 7 2 57— a v OEREACICHY fiA, il 3Kt 7 i iricE My A2 & Th 5. 3D U-Net
EROWEFEOFEE, NMILoTET AT =2 a Y OFERICEPETN L VER, BT — 7 Pl $ 5 2 & CIERE{E%
EAENT A FMPETLHTH L. TOEBETIE, (1)3 RICHE %% -FE CHifuRE L flit L7 — % 2{ER L7z, (2
3D U-Net %28 L Chiifglit 7 2 > 57— a > &17-o72. (3)3D U-Net OfififfaEn il a5 R % fE Rk & EGHE L 72, FF o
A FEHRIE 3D UNet 0058 <, MiBEDE S 2 o T A ET 2 SWIER T TE T2 &0V o iz, 58I, #
Wi 7 — & oMM 7 —F 7 7 7 F RS 2 BUGE PG FEREOFMMAIC L - T, SHIMliEnt s 27— aro
EREEALP T E B,
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W32 Fha2sET L. EHmGENRE L2FEE 2T WA, FEIE ) WMEOREIA LT L MENH 5. UNet Ok
BT a—FeFa—Fnom), TNOERIER ATy THEZFOL0, FEICLELREGRED A L EREGO
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A MEAGIZOWTARFELZEH L, FEEHWCEHIN L 72458, FI9T 48% ORE CHFER AN T2 2 L8 TE . 4%
DL LT, BEMLEOZZDIINAIS—INTGT A= F -V T EFfoTW5D,
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e MR A 0T WA A5 T O F2 T L2 B\ CHEE MRI 20 5 F OB E 2 fiH L, Z 0Tk 2 & BE O EREE B = 17 9 T s
TWwh, LaL, ZO72DIIEHEE MRL 2> S L2 HFOEALEIC2 Y, BUK, BEEE MRI 20 & SO % Mt 4 %
WX, EEISE O E FEETAD L 2T R 52w, Z 2 CTEMOAHIENZ HiYE L, BERAR=Z2—F I hy T —
2 % 72 2 RITOEER MRI 2> & O o H Bl 2B 2 HF2E 2 4T - 72,

FRFADET I VGGL6 # WV THEHE MRI O F— Z 12O W TSR 2179 2 & C, T & IFTHEBo 8T 7L % %
B 5, FHLETVEINCT, T MRI 25 O GEE 2 5 X8 72255 T2 058 L, Mo e o oG m 3 % 55 fE i
ELTHIT A LT, HERWEIhET A,

59 N OBEH MRL % 2 08 L8 -7 A P %247\, F—4 A TH738%, 7 — % B T 64.8% OIS 2l L T\ 5.
BUAE, FEEMEEEHE L ETORE - HEEE LTWw 5,

OP14-3 3D U-Net Z 7= CT Wi & ORI FFFIRO M B % L RERGT

OWh  KZ!, PEAHMIRG ®, WK REe ' Tk et
DR, R EBRER vy —  WIRAESF

ARWFZE T, BEER CT Wif%i 3D U-Net % #H L CRIBHHIE Z M ¢ 2 FE2RET 5. KRG TIIRD 5 DO EB % i L
72, 1 DHOFEBRTIE, EAWGORIE % &t 0% 3D UNet ICA T L7z, BIEFOMEIZTFETES 2, BOEBORE 8
EFEE L. 2 20H T, EHOBIEZNZIUIEO#IEZ % E L, 3D U-Net ICAJI L7z, 32HIE, =2 HOB.OHEEZ v,
ZOWFMETIY LTRS¢ KD, FIFHT 127, TEEFEED 2 01275 & ) ICHFEMEZLIRL, 3D UNetlZA L7z 42H
T, BFEMEPEZHGRT— 5ty RO FEMFIG%5 L) I8 L, 3D UNet AhhL7. 52HIE, 420HOfHIZA
RO FHEME T35 5 A WSO MBI & O MA - WMFRMETFII2% 5 L H12EML, 3D UNet AL IhHos5D
OFFEx R - IS G E & 49 EGMOEGRT— 2y MEHL, ZOFBEEZRT.
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OP144 Expanded tube attention module % /\*>7z tubular structure segmentation
OmE X', | —ik°
R NN T R Y R N

Semantic segmentation of tubular structures, such as blood vessels and cell membranes, is a very difficult task, and it tends
to break many predicted regions in the middle. This problem is due to the fact that the tubular teacher labels are very thin,
and the number of pixels is extremely unbalanced compared to the background. In this study, we present a novel training
method using pseudo labels generated by morphological transformation, in which the detection region is thicker than the
original teacher label. Furthermore, we present an attention module using thickened pseudo labels, called expanded tube
attention (ETA) module. By using the ETA module, the network learns thickened pseudo labels at first, and then gradually
learns thinned labels while transferring information in the thickened regions as an attention map. As a result, we achieve
an easy-to-hard learning for tubular structure segmentation. Through experiments conducted on eye image datasets using
various evaluation measures, we confirmed that the proposed training method using ETA module improved the accuracy in
comparison with the conventional methods.
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HIZEEBOHWNIRDEOT, [A—DFxy NU—7 ZFEH L
FEERITO LN TE DL, TOFEE, T —FHEORN RN
T 5

R, BMHEFHR % EE L 95 Generic-:ADMM-CSNet, 13
FOEBZEMOT —T 7 7 7 F3815(DnCNN-CS) [4]12 &
LG R R FEREZIT, RS2 i L7z,

4.1 EBREAMNEIC K 5 FERER

AR 3 2 T S & BT 5 72 O WS E il 7 SR
IRACFRZE L b 2 GRS R 21T o 7. BAEBROZEROA T
v I A% (iy, by), NVAHEACOREE ¢, T—FBENLT DL
X, Bk O e G oM e
7. #2475 L GenericcADMM-CSNet % [hiie L7=. 15 B UUEELL
40% & U TR L7, MM R & FigaE o
PSNR DBHRE %X 3 (2777, ¢=0.01 & L7=BrdFREmg & A4
SAER 4 7T, K4 ORAESAMAICBWTRRERI, #HEK
CNN XY HAAHOELN DI WER L e o 7=, (AHOZE(ER
KEV 129 17 H OAZAHD MSE [ZHREED 0.028 125 L THEH
5 CNN 1% 0.043 & 72 D IREIEDIE H 23, AEND RN T,
4.2 IS MR B #EA L - BERER

MRI CTEBRIZFG SN A EG % FR T 2 ERE 1T 7.
4.1 TR L7=J7IC DnCNN-CS Z Nz 7= 3 @Y O ETH
e Lz, FEICER LEERIE, e ORE %A T MRI

(%% AT ¢ J1)v Vantage) TG INT=HR T T « TH
1% 50 MeTHD. 60 TRy I DEEEITo-. T A MEgIT,
FENHER L T W RER 20 A EA Lz Bk
40% CTHAERR Z1T o7~ & & O PSNR %X 51 TR7. LRI
L7230 OFEOH THRAD PSNR /37 LTz,

5.% B

MRI TH &AL & RF OB 50EHG C O R, 7%
15 LR CNN TRRIZ /2 PSNR 2155 Z &N TE 72, HEK
> ADMM-CSNet 1338 & BB TR UBDAR T 4 L H
L RelU ML TWD 72, EREODHEN NS N &,
BLOEEED, ER LB 2R —OBRIALT 4 )V EFHH
LCEEEITH 2 & CEERED 2 512720 7 — 2RO
ERboH2 L, EBRBOMESMEOERL SICL v ERE]K
CNN LY BV ERIERE L o Te & B2 D.

BT T ALK % 5 2 To BB O FARRL T, AL OIR

SO S TIREBENEFEE CNN LV HE WV PSNR & 7o 7=.
CDOZEDD, BEIBIINARSHIERETH D Z LRI NI,

MRI Cid, AZF 80 BALRRLMIEOIEHESD Z LN TE, fiL
Mz R 2RE1TON D Z L3 5. AFRSAR IS
TR 7RI RIEITIM OB 72 ERE CNN (2 BISHT 5 Z L3
TE, BRSO LRGETHLEERD.
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6. BhYIc

AWFZETIE, (ifZES MR BT L CR ARG =
M5l & 25 Z & THEME CNN TOBRMEE LT D
i iEE EE BRI OV TIRF 21T o 72, T OREE, Bk
22, BLOEER CNN oWV TFAoBFkld sEn
PSNR %7925 Z LN CT&E 2. £, REEONMIAT~OHERE
EVIRENTC. ARITE DICFEREE O LICRFHE1TH 7
ETHD.
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AHFZEO—ERIE, BHFE(19K04423)1C L 0 Efii Sz, 1XI
Dataset % #2£{f:9"% Information eXtraction from Images 7' &2 ¥ =
7 MIEHOBEERT.
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vol.25, no.2: 72-82, 2008
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Deep image prior % iV /2 U 2 F&— K PET B EHERL
RF HEY, BA =AY, KWl R, BEE T
RIS b= 7 AR SRR 5 A gEE
List-mode PET image reconstruction using deep image prior
Kibo OTE™!, Fumio HASHIMOTO"!, Yuya ONISHI"!, Takashi ISOBE"!

“I Hamamatsu Photonics K.K.

BT : Deepimage prior (DIP) %\ 7= VU & h<E— K positron emission tomography (PET) H{EFEMRIEZIERT 5. ETIEE, &K
AIFMRFIEORAAZ LY, U A ME— RZBHETEE & DIP I & 2 BRI 4 28 HICHR Y 9. DIP 12 X 2 B{§R 0y, /A
REbRETHXE, 22 b T A SBETRHREICRS. BEBFERLI/ A X2 LAERDL, R I A NbkET S, BHETH
PET HEDEL TN n Y Ialb—var 7 =220, EFEOADEZHE L. BEFEIICKHEIENATROE—Z
FaxEe a2 R A RNY A ANY ERLIZ. U A NE— RPET IR EMERIE, X2 M DRI 2 WG IR
L. KoT, BEFEIIMHGSEN L, FATRERMZE, MHAERME R & OBME#R %M 2 72 PET ZBICB W CTRICHER &
Hfrshs.

F—U— KN BEREREL, HFRLEE, BE=x2—F %y hU—7, U R E—TF, positron emission tomography

max
IT4F, positron emission tomography (PET) Ei{§ K72 & D s.t. x = fy(2),

AEREVFEO EANLICEEFE RO TND. R,
convolutional neural network (CNN) O#i&E H &% ERLIZ v
% deep image prior (DIP) [1] 1%, FRIOIET —& & LE L
LWz fffgesE OFEH #8E£0 T 5. il 21, Gong 5 i DIP
% PET BHGEMERLO ERANKICHW TS [2]. LaL, Zh
LOWEFEICESL T o —FL, A /7T L2050

L [FC&IC L), o

2T, LUUOIEEBRE SRS Y 2 v T — 2 U BT 5
KB, fIXCNN, 0IX CNN O/RXF A —H T FRIAEE T
H5b.

WO HKF & LB EILIET 77 ¥ 2 BEIEIZ LY
UFOXHIcEEHZS.

FHRICIRE SNTHY, U R NF— %755 OEgFE R min—L(u|x)+§||x—f9(z) + ull? +§||u||2, ©)
JER STV, ZHUFY A T =08y ha—KoEEZY
TH Y ONNICE B MBS S 20 2 S ICHkE LTS, U A ZIT, pEEDER, pERHEETHD.
N E— REHERUE, A~ M2 line-of-response (LOR) %tk ADMM 3Q2) D B (LR 2 2 -5 O RIRIRE & SO A5 o BT
DB IRV BT HIEB BN, BEEEE 2 L) A hE DIAT v TEHET L.
— K PET & i 3% <, time-of-fli -

N PET Hi{4 B aki% LOR 23 % < t1{ne of-flight <> depth 4D = argmax LU L) — P = (@ + #(n)”z, @)
of-interaction (DOI) 72 & DiBINIEH % i 2 7= PET &I H H x 2
LSS, 6™+ = argmin||fy(2) — x™+V — ™|, ©)

[}
AMFFE I, DIP ZifH L7z Y A hE— R PET Mif K pHD = g g x (D — o (2), (5)

PR T D, EFIE (LM-DIPRecon L FES) (X, U A hE—
N PET B F#RL & DIP (2 K 5 Ei{§ LB %, alternating direction
method of multipliers (ADMM) ORI HES T, R HITHED
WY, FrThrnyIalb—raryT—4EHNT, #ED
LM-DIPRecon ¥ % 7l L 72. LM-DIPRecon &1, /A X%k

ZZT, niX ADMM D 3 A7 v 7 OREREETH 5.

FIIME(3) 13 list-mode dynamic row action maximum likelihood
algorithm (LM-DRAMA) & FRUZ X% ERMbO#AEHE T
RS ZENTED.

5 Lo, DIPIZ X DB RTEREDO 2 F T A N & (n) s; (n) 57\2 (n+1) Sj
Xjbase 5 + (xj base _) + 4xj e
FFL. x]_("+1) - P : : p SRk o
2 ﬁ:i x]'(,zlse = fg(n) (Z)j — ll](-n), -
. P
5= ay, 8
e = 0 ®

J

DIP ZHWTVU X +E— K PET Hi KL IEANLT 57-

D, HT@%IJ%,H_%%ﬁ{EFE%%%zé ZZT, XEMGZ}: LM-DRAMA L:iofﬁiﬁéhf:@{%) xbaseli
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(Ground truth)

X 1.

EANE D ~N— i, SIZEREEE, a;id LOR iDmEiFEj~0
FHEERT VAT MIFIOEZRTH 5.

BIMRE@) 1T D 4 W2 S ~ULHEg L L7- DIP 12k - T
iR Z LW T& S, ABFFETIE, CNN O & LT 3D U-net
M L7z, 72 MRI 2 FHHIMER L Lc/zw, 22T
DIP % MR-DIP & FJ-5%.

2) FEEBREM

3 ODEEFERA ST VAT 7 P AEHAWTEY
ThnruyIalb—rarE2{Tol. FRLEEREEITX 4 J& DOI
% 2 7-SAERH PET 24{& (Hamamatsu HITS-655000) &[R4k &
L7-. E&fHlio7=%, peak signal to noise ratio (PSNR) & &
55D contrast recovery (CR) ZLLT D L 2 IZFH L 7=.

max (X ref)

PSNR =10 10g10 E 2 (9)
}ER(S] xj.ref)
CR=—" Z 5 (10)
Ntumor jeRmmmor xj.ref’
TIT, Xpeld 7 7 2 b AR, RIZAEMOMEE, NpldaMe

DI, Ruumorl T 3 DD IEBFEIROFILEA
WNOBFEETHS.

) Ntumor jﬂ %ﬁ

3. BREER
X1 ICREFIE L ZOMmOFE (LM-DRAMA & MR-DIP)
O FEHER 5 % 797, i8I PSNR & CR %152 L7=. MR-DIP
T3 RTARNERORBIEIZ LN S ) A RE{KE LT, LM-
DIPRecon (=1 T A M Z&ffH, MR-DIP LV ¥y —7 72

BERgt L.

X 2 (2 CRvs. PSNR it % 7~3. MR-DIP {Z LM-DRAMA [
FE~TPSNR % L7273, CRIZLM-DRAMA X 0 1Ko 7.
LM-DIPRecon % LM-DRAMA & [AEED CR Z#ERE L 723 b,
PSNR %3 L7-.

LM-DIPRecon (%7~ /VIHEE TIER< VA N TF—X
HDHZEIAHE

KT

R, A N TARRUELZEEZOND.

LM-DRAMA
(18.51 dB, 0.86)

ERFIEL ZOMOTFHEZ L > THR SNV I a2 L —ra T —Z O,
DRAMA, MR-DIP, LM-DIPRecon. H#i(Z PSNR & CR #f3C.
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200 (2G5, BY SR L~—HF =LK 1 OIS,

4. &

DIP ZMH\W7= VU & hE— K PET BgERELAIER LT-.
ADMM DO FEAIHE > T DIP % U A b — K PET Ei{4 K
WHAA AT, BETIEZL, MOFELY vy —T7T, b
T A RNDBEL, HEEOD IR OEG AR U 20 OfE R
BRFIEDRIAOTHES A PET @ ICE R R 2 & 2R Lz,

B
ABIFEIL
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JSPS Bt JP22K07762 DB EZ 1T~ D Th

Flit RO H 5%
L
X ®

[1] Ulyanov D, Vedaldi V, Lempitsky V: Deep image prior. Int ] Comput Vis 128:
1867-1888, 2020.

[2] Gong K, Catana C, Qi J et al: PET image reconstruction using deep image
prior. IEEE Trans Med Imag 38: 1655-1665, 2018.
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CEBOR L
Regularization based spectral distortion correction of a photon-counting CT system
Kazumi MURATA™,  Koichi OGAWA™
*! National Astronomical Observatory of Japan

"2 Faculty of Science and Engineering, Hosei University

BER: 74 b0 T 4 7 CTIRZEMERIINMA TERAAF—FROBUGTE DL Z NG, WHARBICT & LTHEEINTNS.
L2, BEO X BT PBRHEESORBEERNIC AR LIZ5E, 2SVAR « A AT v PRI Y, BIEART MUWTED LT
LEH. TOREL, MrEs v 28AT528 T, FEAMICIIMETES. LirL, v RBEZRICLEMERETE, DT
DT DIEINTLEY, WEEZHLIHETLEY. ZOXMSKRE LTUEHEY V7 OBEHABEZLNDD, FFIC=R/LF
— B DEBNDIRNGEITII AN MATGRE SRR E LTS 2 &3 L. £ 2 TR T, =% 0¥ — - EfOWm ;%
FRBEHE LT FEEZE L. S 3 X —rom@icx+ 5288 AL, BLOET —& x4 51KT v 7 175
PHMATHZLT, AT MVOEAMIERENMm ET25 2 L 2R L.

F—U—F: T BT T 47 CT, »SIVA - SAAT v TEE, ity

1. [FC&HIC MERH Y, TOLGEIZIT= R —HRO%g AAFRZ WIS
TA MBI T 47 CT IR, WERD 3 kT E i % VN FZ TR TIE, 25/ - XX —0ilFIZEA LA
TRNAX—TLICRETE 5720, TRV RRICZR Y, WHT 5. ZZMGMIC S EAERS N D Z & T, =RxL¥F—E
WA CT & LTER SN TWB[L]. BICEHEERFLEL, =% YBIRNGAETH, BE LB 2 EREIRE SN D
NF—TEICHE L. X ROBREEND, BESEETX5 RRFIEOFTMOT-D, BEFHEK S I 2L —a v &2{To7
ZEThD. WHEASBEBREEITY 2 ENTENR, HED LA, AT FAREDLNT LESTET —F THERFER
TERCA % FA T2 97 I8 O BUS0, ek O BhREMEAT 23 FTREIC 72 g FARER N ATEE CTH D Z L 2R LT
52]

LnL, 74 b B rT 47 CTITIE, MEARY b 2. REFZEB LU aL—avIc&bEHE
NEDLNTLEI LW REARFFENRD D, HED X AT, SANVT v THRICL S TEDLNTZAT |
TSRO RERERINIC AR L7256, =3 ¥ —DRE 72 NEEITLT HMEE, ROLSITER(L LT
120N TFELTHBEINTLEI LD THD. ZOHLT argminy ||[f(X) — Y[|2 + AlIX|ltv
PNIVA - RANT  THREMEINTEY, TORET X # s.t.X>0, rank(X) =r (1)

TRENREVIEERE W3] AT PANREDOLNTLEST
&, 7H b AT T 40 CT DB ROFETH D IE S
DOREELFELIHILLTLEIME]. ZOELOREITET L
SN TEYI[56], FEAIIIMHEFRETH 503, BEAMIEIX
HRIBETHL I L0, HEEAHEIREL TLEVDRH LW O FRE
LdD.

Z 2 CARMIZE T, EAHLE W2 AT MV ERMMIE T IE
FIRETH. WMEICEANLEZEAT 5 2 & TRE LN
BohdZEIFE<HMLNTEY, 7+ bhrhorT v
CT ORI HISH SN TWA[T]. —fRAIZRERNIZZE/ 718
BT B RIERE VDD, 27 MVOFEREHET HIC
L, TRV F—HEOERBMAEDOEDZENEELVY. L
L, FEHHEEZMZ A -0IF= (L= 20715

ZITC, XIIARRD AL FVE, YIXHIET—4, fi3of
ANT v FICEBART "AVDERETNALTHD. ||||lpviz s
EEO L1 /v A, VFEAE ST XA —2Th 5[5,6]. il
fEE L, MFEIFETHDHZ &, FfREEROT > 713r T
HHZ EEMATZ. 22T, r /NS EE o7 L THE
FHIT3 THDH. ZOERBULX N 3-way T YATHDL D
LizHkd 5. bbb, ZOT Y E 2 RITTATINDILT
FEF3IRE—=vHY, ENENBNKT 7178 & 72D &)
FRTHD. KT 7 PMEGESNDHHIL, B b =R ¥—
EUOWEBTHoTH, AVITHEEILE TV D137 72715 Th
58]

ARFiEZFHET 5728, Shepp 7 7 > b L% W THE FFRE
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S alb—3 g v ETFol. AN MU, VR —HH
% 15-140 keV, B U 1EZ 15 keV, BHEE% 100 kV EE L7z
BEEBIZIT, BRI T NOS%IIIHETHRT Y v ) AR
AL, X BROTEREE I ARREREHIPICAS 2 SE8 407 1
L LT, SANT v SR ERE ST, BAS LB EEIGRIC
KL TARY bAVOBEREEEH L, 7 4 VZ —fHEWi
1% (FBP)IZ & - THR FHERR 21T - 72

3. BRBIUSBE

LSRRG %, (X 2 ISP R OB T8 7 0 7 7 A V&R
F. AT MAVOELEMIE L72WEAX 1b, X 2 OFLR),
IR ERE BERFHEL TV 5. TORREIE, A7 kb
MEDBID Z LI, JIESILD X SRR DN/ N S
N7 Thsd. —%, FAfbE#EHAETICAT MLOEL
EMIELEATIE (X 1c, X 2 OfkR), MR OE K
T 2otz b0, MEEOMIE B>, ZOFRIKIL, i
THRARFZWY, 227 ML OELENYRIETH D=9,
LELTMPMHIS W S Zh D, THICH L, R—ETELE
A U724 CIE(X 1d, X2 OFRFR), BiREO® KM S 72 <,
MEOMIELIMZ 6N TS, TREFNOMHE O RMSE 1%
0.18, 0.040, 0.024 cr! TH VY, EEMIT L ARFIEOA M T
WTED.

4. $EER

AT, SANT v TERICHKTE 27 FLDOFE
HEFIET 2 FEE LT, 22 - =3 ¥ —OIEAHL 2 A5
DEDLHEERE L, ZOEMEE, v Ialb—va itk
D EERICHER S L=,

AWFZ213% JSPS BHFE JTP20K20232 DB Z 1T~ DT,

FIEER OB
L
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FET —F 2 AOTAERE CT ZUOEUBEGR BB OIERL ST X — % BEIRE
TE =
OB RFE Y AT AEEHGR
Estimation of Regularization Parameter Using Training Data in Low-Dose CT Iterative Reconstruction
Hiroyuki KUDO"!
! University of Tsukuba

EE: AWXTE, KEECT o TV EANLZ AW - B UGERIEHG R RIC BV T, FR b EE W EFAT 5 BRI NT 2 —%
@ﬁ%%ﬁf ZEAWCHBHEE TS 2 DOTFEERET S, —2o RIS JHECICE S FiE, —oRBEERE e v &
BlFETHS. WMFEED EFECEMET 2%, BHCTHFEBEZHW Y I a2 —ya VERICE D RT.
#—7~P:1&%ﬁ<% CT, WML, ZkUrfliE, TV ERKE

1. [FLHIZ LX) = 1Ax = bl|§,/2, UX) = [IxlIty )
AR CT OBIBHERK T, h—F A Y =— 3 /(TV) 72720, LETERMTE 2 RRENOHEREN G T —F I,
IEANBIERCIERPT Y 7 ¢ v & % R\ T ERIEIR (jtﬁék[l]) % U) VL EG 2 g U C-ES 2 il 9~ 5 IERIME IR C@s ~—
AW ZBUGE UG EERIENA I TH Y, MAKEEICHLERA AARY z— g (TV) BHVWSNS. =, BIFER{ILD
INTWE. KFEO—FOME iEEIJ{I:@%ﬁé*?D%@%EJJD WS EREHT B EAL T A —2 ThH 5. MBI O &/IMEIT
32 IERH L NT A —% @&mf&) DT A EDEARRBR FISTA <> Chambolle-Pock 7 /L= X L7 ¥ OFEYERIES
WIREINTEY BEILEIT R CH L IR TWnD D WTATOI DD, RIFSEOIRETIEILE O L 5 B UGERIE L

DR THD. FAEDED Z L AR —MMEN B D, AFFECILEm I
AFWSCTUE, TR LR U 2y L Py T — 4ty R 2 Dykstra W27 Y w7 1 712 F-5< Row-Action B

b CEFREOEREBROES) 2MNT, EAHL AT A =4 \ik CUERD ZHvTng
ZHENRET D2 DOFELREL T, WE & bADNTEET BURTIE, EAHE ST A—FBOMEIZA A=V 7 DRI
5T ERIFET D, — O HOFEE, EREICR &K O Rt T U CRERBUICIET D 2 L BT TV D2, K
JE I CREICHEL FIEOREN H D EAUE R T A —F DA R CTIIRE R G & R CE L 2 iR LicFE 7T —2 &> b (@

AHEEIZIEDS S FET, FRT —F O EAULA T A —2 DF HAREOIEfFEGEOES) Z MW TROEE BENLET D Fik
Ao 23RO TR &, IO 2 0 2 7= 3P B %k 2 i Z2O|RETD.
PR OIEFE CTh/AME L THERET 5. — O HOFET, &® 2) BRFIED (N AHEICHES S FiE)

BEEICe v M BRI LWTRIET, 2T — 2k LT [Step 1] TR L H UMM EIRE L2 ET — %, (n=
) 2 FRRFERC SSIM % /M T 2 BRI R T A — Z % % 1,2,-+, N)DH % & IRADOMFET VIR AHEE TY TITDHN
HCERNRO TR E, ZOFRRE LIZEAHE T A —2 T EDBOEZERD, H—F/VEEHE L CTIEHAHL T A —4p
R FRER 21T O . DFFIIAMAPB)ERDD.

JEE CT REBRT —F Yy hEAWZY I alb—va VER P(x|B) = exp(—BU(X))/ Iy exp(—LU(X)) 3)
EATSTERER, &0 0OFESANTEME L THalZiaVWIER] [Step 2] RADOxEHE# I Elog P(B|b)% EM 7 /L3 U X AIZ
BT A—FZ OWEEE 5250, 2 BOFENEANL T FVBRKIETHZ Lk, pEHAETS.
A—BHEDKEN—T H T LW O E&EO S TE log P(B|b) = logP(B) + log(Xx P(x|8)P(b|x)) — logP(b) (4)
D EMPRENT. £z, HET H/3T A —FZEM DKL log P(b|x) = ||Ax — b||Z,/2 )
BWe o, WFEE b ERTFET —F ORITIEFITHR T 72770, EM 73U XADOKE T, K@IZBW TS, D5y
FeZ b3, B SO LR BB OHEE & IEAME/ T A — X BOHE
2. REFE EE LRI K. ZORUBTIEL, UTFTOLICELDS
1) {EH & CT OB TR ns.

AR CT OB AT, BUT ORI BI %k & B Ui Pk % (1) BOHMERO % 5.2 %, KIERE Ak = 0IZFREE.
AWTHR/MET 22 2ickviThhs. (2) BEBUIZHEE L CR(D)DE/MEEATV, AR x ) %

F(x) = L(x) + fU(X) (1) KD
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(3) x%&x® |2 [# @ L T —logP(B|b)
OMEEITYD, BEDERD D,

ZOKEIEIC XY, EREAE X
L IEHHME N T A — & BIXIEIFRFIZ R
F5. 1217, COFEZHWLS
BIEANT —Z @I EM T =
U RXRLDOREHENLETHS.

3) |METFE2 BEFE e b
R FE)
I E e N REZTIET, et g & [F CEAL & ki

L7z EF—Fx, (n =12, , N)DDHIEANL/ T X — & %
ET 55 Step &HEE L7-B CHR IR ETT O FIEAL Step
DO IND.

(5 Step)
[Step 1] K% EF —Zx, (n = 1,2,, N)IZkF L TIERARE: CT
A A=V TiBEEYI 2L —a L RIST 2 8ET —
Zb,(n=12,,N)ZRKD5.
[Step2 (MSE %) ] %&¥ T —#b, (n = 1,2,--,N) Z H{EFH
i394 Lf:[@‘@rtﬁ@xn (n=12,,N) & D 2 FeihsE MSE 3
B/NZ7e B X512, pofEiziET 5. NTRETH L, #HiE
DOFHIBAE MSE IZL TD L S IzR I D.

MSE(B) = En”xn — Reconﬁ(bn)HZ/N (6)
7272 L, Recong ()EF(1)%& Fe/Mb U CHEIG FH#ER 21T O 5
Thod. £z, Step2 DAY x=—a L LT, SSIM EDF-
BER R RIZIRDICBEHET D FIELEOE TRET 5.
[Step2 (SSIM *23) |

SSIM(B) = 2,SSIM(xy,, Recong(b,))/N @)
(FFHERL Step)
ANEEET —ZbITx LT, 8 Step THEE L 72 g DA T
R AT D .
x = Recong(b) ®)
S Step TliEA ®T —Hb, (n=1.2,,N)DHE{EH
H Rk & MAE 0)1&%/\7 A =B By, o, BuTITORMENR D S 72

WMNE|OBEGEREE N LI B0, B4 5 X HIcHE T
D37 A—ZERIOWIEIE 1 WILTIRW 20D, 2H T — 2 Off

BNITHEIEE D TEle. £, BETIE 1 LB LA
HELT, BTOANT—ZITHEE TEHICKRD TBW-pE

HWTHEER T 2 FIETH D720, FALFHR A T FHHREH]

PEWVERZET NS,
3. V3alL—YavER

JEE CT EWgx W -v I 2 b—3 a3 VERERITV, 7%
FUEOR AR LTz, EROFMEER 1ITE LD TRT.

60 FEFIDOAEER CT Wi S FIROIFIE .0 %8 2 Wik 2 8] v
H L, 40 JEFI &2 28T —%, 20 JEBZT A T —4 & LTH
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a'EZ(SSIM)

;931,%1%2 (MSE)

1 #HEE LBEAWET A M T — X OFEAERL

Wie. #2102, BETIE L CRETFIE2 TROLNIZpOME
Z DR % AWT-BEO AW D MSE £ (SSIM ) %<7
=1L, TART =245 MSE BREITHR/NMI72 D BOME
L 2ORE WO FEKEE D MSE @b Ahbt TRT.
112, #HEE ESNTZpOME AW T-HA ORETIE 1,2 OFHE
FRE{ & FBP LD FMKEROH Z 7R3 . AX—2ARRH
TEBY —20FKMEDOLD LAvE L TWRW, 2FED /) A X
LyL e 4 BEOmEEGRT — 2t v FOMAEDEIZONTE
BREATV, EOBEITHLRYRpOHE/BENG LN, RET
B1203mA LS EF<SEMET D22 L2 MR L.

10,20,40
FARF—2HL |20

BORIRZAN I [E-5,E-4],[E-4,E-3],[E-3,E-2] D 4% X [H]
B %2050y Uic 58 HO & R%R
F1 vIal—arERoSH,
FE FH T B MSE
— 5K (SSIM)
1 10 4.0E-04 (5=0.0) | 1.553E-03
1 20 4.0E-04 (5=0.0) | 1.553E-03
2(MSE) | 10 4.0E-04 1.553E-03
2(MSE) | 20 4.0E-04 1.553E-03
2(SSIM) | 10 3.5E-04 0.811
2(SSIM) | 20 3.5E-04 0.811
T A kT —# MSE 23 /M 72 £ =4.0E-04
5B L& % DD MSE MSE=1.553E-03

K2 HEESNBOME L T A b7 — 2 B Ei{g 0> MSE f&

FIZEROFRE: 7L

x B
[1] Dong J, Kudo H: Proposal of compressed sensing using nonlinear sparsifying
transform for CT image reconstruction. Med Imag Tech. 34: 235-244, 2016
[2] Kim H, Sadakata K, Kudo H: Unified framework to construct fast row-action-
type iterative CT reconstruction methods with total variation using multi proximal
splitting. Proc ICBIP2021, 65-71, 2021
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Geometric Matching CNN |2 X 5#5F CR B OALE A b EFiE
NP OB, AR T, B PREC?
RN TR TN TR
2 PESEER K
Image Registration Method for Phalanges CR Image Based on Geometric Matching CNN
Hikaru ONO™, Tohru KAMIYA", Takatoshi AOKI™
*I Kyushu Institute of Technology

*2 University of Occupational and Environmental Health

EE MY '7'?% I, JRRENETTT D Ll OBRE L £ T, E‘%%‘O) QOL 2% LMHEFTS. HEY v~FOZWn, mifmk

AR X BRERZETC LV RERIATPR TV S, FRIC, X BEGZENIMEICHEOETEZIRA D 2 LA TE 228, HREMDOA
TﬁiﬁbD@EEfﬁODIﬁE’Jtﬁiﬂﬂﬁ iéﬁﬁfﬁ@ﬁtﬁﬂ?ﬁﬁiik@o'@\é % T, I a—XOIHEREZHE _OBERLE LTHHA
THALrEa— I ZEDE T AT AORMBEPHF SN TN D, AGRSCTIE, BERAIZED BRI L0 F—#5RE Ol % - BUEE R

LR Y v~ FOMITEIEZ HIELKI L AT LAORRBE L L, ? BHEBOMES DY FIELRET D, Geometric Matching
CNN ZH§_T T eIkt T2 2 1280, EEEOERERMEBESDOYEIT ). RETEL 560 OB e E HEIkE 4
FAUTZFER, TP )Y 99.26%, FP S 0.79% &) fE B2 157-.

F—U—F: arva— 2R, ERCESDYE, BIFES R, Y v~F

1. [FL®HIZ

Mg Y o~ BfoEN-CR A, BEEEL e 35
@ﬁ*fﬁﬁ%f%ém e RN LT 2 O B EN SR AE
T2 ENLVR, HERETT 5 L OlmEL 4,

55 QOL (Quahty olefe) EL< BﬂiTé. 1 BTG & FRICRHET D~ A 7 i
BIEH Y U~ F ORI, —RICEBRZEIC LV IThhD. k % BUERBOFIEE 2 MESDET D70, MF2iRkE
(2, B X BRI X B FRBEfOMmAN, %@’C“@ﬁ@ﬁﬁ/ﬁ% L7- CR B bisgEEo® s/ AT —2a 2175 LE
JERFNCRE 95 2 L A TE B720, 1RO W F] A NHD. KT, BE~vr T4 v w7 AT a VHAO
Ihb. LaL, EGR2WILEte E O E8ReFmc L 57 RIEFE T TV Ch D DeepLabv3+[3)IZ KL 0 feB fHIk & H Ehi
O, BHMEIZRT, HEEHO R & UENFEAET D ATHEMED & HT 5. BMEREHEEIORED T, fHEHEkE 7Y 7L,
5. 8 %47 > 7= DeepLabv3+iZ L D #5H CR Ei{fEn 6, ~ A 7l

N ORBEARIT D120, 2 B o — X OfRITHE R &5 BEART D, 20%, M1ICTRT L) RS BE L2t L2
COBERELTCHATIa v a - XEBHT AT LA0OH BRI & EAUCKIET D~ A 7 Wi & AT 5.
FEBRMFHFIN TN D, RERSCTHE, RIFHZESHEIFICE Y FH—

Wit OB - BITEE (47 DRI ) ¥~ F OHET &4 2 D R 22 EfRfLESHE

PWiv AT LAORRBE RN E L, fiESDEHOERBEEET ARERSCTUL, T FAER T A — X OHEEZEAT 5 REFH
/L TH D Geometric Matching CNN[2)1Z X 2 5B fHIK DAL E & £7 /L Geometric Matching CNN[2]iZ L ¥ ?E”ﬁaﬁﬁfﬁ@u%é\b
DEFIELRET LS. BEFEL 560 MG A E HEIRE {4 HEITH . RiwCTIE, MIREHRET VXLV i &2 28T 5
L, 9JERIO CREHGIZHEM L, ZOREE L EBRIZON TR 7=, @mwﬁﬁ@w&ﬁﬁﬁ3&ﬁk#5

5. TR E I L0 HEE SN PRER T A — 213, K
RO DR THD EEBEZDZ LN TE D] 2D, &K

2. Fik WL DX v v TPVEL, MESDEOREICELRIE
AE T, CREG»LOEHEKOE /AT —v 3 F . % 2C, HERRRFICH R SIS IS T D v A 7 Bifg D
% AR IR O E A DR FIEIC OV TREM 2R~ 5. EBMT5HZ LT CNN EFAEEGESTHIN ST 5.
FIEOWE %X 2 1277 7. Geometric Matching CNN 1XAJ1 &1

21 BT AVTF—S a3y T2 E - BAEEHR DT O RIRER ST A — 2 ZHEE L, ¥
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WSSt

Image A Geometric matching CNN — &
Image B B SRR ORI
Image A —| =i |—
Geometric matching CNN — R
Image B
1
Mask A SSE Loss
Mask B SSE: Sum of Squared Error
2 REFEOME

WINES DEEATH. TOK, KB LCEGET 2HEET L
WCANT S, Zobx, W) SNTMHAZES AT A —2 taF
TR B XTIE T ~ A 7 BHRIZHEIS L, ~ A 27 B 3%

RENR/ANE T2 D &5, ARl FIEIC L BT v RIEET S,

3. ERRELER

AREBRTHEAT 2mGIE, EEERRFWBE CTIE S, ~
N R ESOMEMEINICH > TE Y, MEEELZESOK
BEH/TND.

AZFEERTIE, F8IZ Pascal VOC2011[5]7 —# &~ &AW,
F U DFOEBRICKE LT, T X ARRIRE R EZEAT 5 2
L CHEG T BER LT,

Fiz, FHMFREERO)IC R T EMBESIC T 2 T HlsEg O
B0 OFGERT TP &, OISR T EMREIRIC 2 i
HEERORIGERT FP AW 5.

ANB

TP ===
A

1)
- @
ZIC, EfEfEE 4 LIIIEADEICE T 2 REBOfRE
O Z L ERL, TREE B LIXEMREGOREEEEO Z
LEET.

AERTIE, F—HBREOBE - BEEBOST THEKR SN
DET—HEHRRT — XL VR EAT O . BRI & HAEE
BORT TR EINDIET —F TR, BOERZICL W ES
PEORE % EMICTHET 5 2 L AREETHS. 2T, 58
TEIME GBI LT T v 2 AR E i LB kT — &
WL VIRBFEOFNMEEZHRT 5. KT — Z 1% 560 $LOFH
BRI THERR S, BT — 213 9 JEFI O - BAEH S
T O, PR E bR < EiE B O EE O 8 B 144 $1T
RSN 5. £ 1 IZERFBREZRT.

FP

3. BRLFELD

#£1X0, kT —%, EZF—F L HITRETIENRDED
FEES. ETF—FICL55HMET, AT —& Lk, 2
BEFREORENR TR ERERE LT, B TH L ES A
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#1 EBRER
‘ BT EF— 4
FiE
TP [%] FP [%] TP [%)] FP [%]
Genetic Algorithm[6]
" 97.86 7.88 92.54 2.69
PR < 200
Geometric Matching
CNN 93.23 6.79 93.31 6.39
REFIE
N o 98.46 1.60 97.00 2.06
AR IR : 20
REFIE
N o 99.26 0.79 97.62 1.44
i kR ;50

VT a VOREENEELTCWDL I ENEBEZLND.

F7o, ALBFFEIE, HHARFETH D GAIC L D FETIE
CPU T 16 MRRED D5, 1REFEITREEE 50 B0
ATHGPU TI1REETHY &lbEEHL T 5.

AFWICTH, BFFNZESHIRIC LV [F—#5RE ol % - B1E
RN SR Y v~ F OEITEIR X D EZW AT A0
F & HME L, Geometric Matching CNN (2 X % 458 fisk O {7 &
HOEFEEZRRE L. ST —ZICLOFHEIC LY, B#EF
X TP 28 99.26%, FP 73 0.79%& W\ 5 iR Aa571=. 5%,
I A T = a VREDR EICE Y, EF—ZIZBWTHE
FEERMEADLEZIT) ZEPNHFETH D, £z, BFHY v~
FRFICKL, R ZESET 2 A L, Fox 2M48%E 35 CAD
VAT LOENEEHRET D TETHD.

B
KIS %10 5 (2 do 72 0, BT 7 DB E % o 7 MECEE K
SEOR Lk B0 RE T LE T

Fl 4t 48 R 0D A 5%
7L

X ®

[1] Aletaha D. et al.: 2010 Rheumatoid Arthritis Classification Criteria: An
American College of Rheumatology/European League Against Rheumatism
Collaborative Initiative, Arthritis Rheum, Vol.62, No.9, pp.2569-2581, 2010

[2] Rocco L. et al.: Convolutional Neural Network Architecture for Geometric
Matching, Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pp.6148-6157, 2017

[3] Chen L. C. et al.: Encoder-decoder with Atrous Separable Convolution for
Semantic Image Segmentation, Proceedings of the European Conference on
Computer Vision, pp.801-818, 2018

[4] Balakrishnan G. etal.: A Learning Framework for Deformable Medical Image
Registration, IEEE Transactions on Medical Imaging, Vol.38, No.8, pp.1788-
1800, 2019

[5] Everingham M. et al.: The PASCAL Visual Object Classes Challenge 2011
(VOC2011), http://host.robots.ox.ac.uk/pascal/VOC/voc2011/index.html

[6] Kawagoe K. et al.: Registration of Phalange Region from CR Images Based
on Genetic Algorithm, The 18th International Conference on Control,
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2D Tomographic Image-Driven Multi-Organ Contact Simulation
for Estimating Pancreatic Displacement in Radiotherapy
Yuki HARA™, Noriyuki KADOYA™, Naoto MITSUME™, Naoto IENAGA™, Rei UMEZAWA™,
Keiichi JINGU™, Yoshihiro KURODA™
*! Degree Programs in Systems and Information Engineering, University of Tsukuba
*2 Graduate School of Medicine, Tohoku University
3 Faculty of Engineering, Information and Systems, University of Tsukuba

BEE BRIk % 2 Bk T& 2 MR-Linac 1%, W72 & ORI 72E) & 29 DI85 L CORNRMZRIBIRIZ D72
BHELTHRIN TS, LaL, B TEHDIE—HMOWHEEEL CTh 57w, INATOFHEM 3 ot MR #ifg 4, gD B FhY
TR0 L s & OB A BE LN O HEHT 2 ONRRETH S, £ 2 TARIFLTIL, 2 WockHiE miEERE) R Material Point Method
YR 5. 2 WotWTEEG ) 15 O R O E RN D, MW ICR T D HiIA O B E 2R, BEAE & B
BEEDETIG U NEMAD ZETIRIET N EEI ST L. Fills L OB E BE LIMEY IaLb—a Itk 3Kk
ETIVOENMPEEZ BT, AEETIE, ESoWEmGEZHV, B 2E0Es & U CIRE FEOEBEN MR 21T 72, EOR
R, SPIH A GITRMOMETREE U= LIZ 2 & 2iEas L7e.

% — U — K : Material Point Method, IGRT, pancreas, registration

1. FFifi RITTENLDHEE ZAT 9 .
UTAE, U 7V A BT MR B 2 R L7208 O URHRIR R 2
1T 9% (MR-Linac) 2AFEb &, B0+ falhe & & Bk 2. REFE

L CWAREIEIZHT LT, @ W BSBEIZ L ATEENSEIGEEINT pre-treatment | intra-treatment t; St
VB, LinL, HHETE 5 OIMITERED R TH Y, Bl L L L e
FHE L7251 e, RIS & OB RO/ 2T % B [ T s (Y s (D 0RO
AN S IRBROB X T ADETEET 5 2 L IZEETH . p) .
. o N = SR [ ey - . ture |~ - - - - - - - - bommmmmeemm 2
ZOD, —HOBEN D, TFARKOENEHETH L preserved | p.* e
NRDEND. 2oimee | - ~ | '

calculate

252 \
b [ target position

MR T {4 75 3 HOHRIE I8 O BF 22 1L RE A A AT DL T 5 (I
VALazquez & [1] 13, SHOBE DT — 5 % A8 5 e S [y
LT, SR A RRAERT L— AT — ) RE L. 30 model 4~/ 4 SRy | Lmuiation ] il
Uin L, S BIIIEC & 0 B A2 1- WO 25 % 1Y)
WD 7oL, BRI BOT — 4y RREIIRD EE X
BB,

KBRTIL, RIEE L BEE LT, LD A A I
RIS % = & ORI iSRS E % HIS T A v a7 1) AL

X 1 2L FEOBERX
WREFEOMELZK 1 IRT. BEFIEICE, KEIHITFT
3ODAT T NEETD.

YT ), RIEOBMEBEL < © LRTE PRI S 3 TORODY == hERNS, 3 fout
ETNVEAED.

% Material Point Method (MPM) ZFIH L, WiEE#&H»H55 e . ) )
NAERE D & IC, B O IRE S B S5 2 LT, 3 2) BT OR Y U 7L —a v
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3RITET N AR SE L7201, HWENSE LN Sk
B &, TG LT 3IRITET VT 2 Wi E g 25381 3
5.

3) VAL

RIS DAL G & FANTEIN L7z B & o 2D/2D 9
AN EA DR EITD 2 LT, BITHIERDD.
AWFIETIL, elastix [2] AW T ESDEEITR-T-.

KD = EHATH 2 VS, MPM IC & Bligas By 2 = L —
T a v EATH Z LI VOB ZHEET . AEFETIE,
BRI 2 C, EONEEE & L CH 2 RYEEEIR & LCET UL
L7z, 728, 1BFIZOEX 1RTF2%5I0 4Tk,

F9°, B L xh LTz, 3 RITET Vv EORL D BAE(LIE %,
EHATHZ AN TRD D, ZD%, FRIx LT, BIEME
L EEMEOESEEE TESET, )R TEIND LI %
NEMZ DL TIRILET VLB S 5.

f = KpXaige + Ki [ xqiee dt + Kd% 1)

I, xdiffbi H *xg{i%xtar & £J%%EKJ—|§xcur0)%xtar — Xcur>

Ky, Ki, KJFTn 2, Fo, oo+ 588 Th 5.

ZDOEDITLT, MiliEss & OMERRCEIX IS K D, AEES
ol WEEERBT 2 Z L2 REL 3572012, BALOHEE
OB D fgds & OPEfilz Z 58 L 7=.

3. EBRRUHER

AHRFTIX, 2D2D MBS DEIHE AT 2 MR G Z, g
DIAET DAY =2 — Loy 1 f0 L Lz, 7eds, BERomE
81213, Multi-Atlas Labeling Beyond the Cranial Vault segmentation
challenge dataset [3] Zf#fH L7z, WifgH 1 X3 512X512X138
Thd. vIal—rarrI 74572007 — 202X
MATLAB #{f L 7.
WMEETNOERL AT & LIRYE RO T &M & TE
& &% Z & T Ground Truth (GT) % {Ef% L, baseline % elastix
\Z X % 3DBD LA THEE SN EROIEEZE L Lz,
ek, AR THWEEZORITIQHXTHS.

&= =X lgrs — Xestil @)

T, niIWEET VICBT DRKITETHY, xg,; 131 F
HORKLF O GT IZBIT DALENRT RV, Xeg i 1F i T H ORI D
HEE ST fLBRY ML THD.

RRTFIEIC L D75 L baseline & L5 2 & ¢, W= 4
L e DHDOHERT, 3 WILENHEEICI N T EDOREDIFE %
R CTXDNEMGE LT, £72, JEDRE OB EIC L DR R
OB HOWTHEELT-.
SEOF—ZITx L TREFELZEA L. sHlovIab
—¥ a3 VIRV, FEIRORIET 16432~52258 (), B OkL
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THUL 58883~327534 (E) TH B. FEFRO—FlEX 2 1TRT.
2HERD L, REBDITAENRZIT 6N L ODOREE L <
BRIAHEE TE TWD T ENSMN5.

=

@ data of estimation only
@ data of GT only
O data of both GT and estimation

B 2 $RRFEIC IR

RETFIEICL DEIBON B E136.14 + 2.08 (pixel), $2E
FHEIZBWT, B & O A B E L 720 1256 OREOAL
{E7554138.88 + 3.82 (pixel), baseline 13:2.49 + 1.01 (pixel) TH
ST B A EE LR WEAICH AR TEEB LZEA1T 5 Fih 4
BICERBE ChH o270, JADlER & OFiEBEST 5 &£ T
FEEE D3 A L9 AR AR ST,

R (ver4.0.5) ZfiH L C Kruskal-Wallis B E &1 772 >7-& =
A, AEKEE SR THEZEN A O, £ D%, Bonferroni Fi%
%4772 - 72 Mann-Whitney U test (25 W ZE R EIT 72 & 2
A, ETCOMMTERZIIA N o1z, BITT —F b
WZ ENRRZEEZEZLND.

opposite side

4. R

ARFIE T, 2 RoTHiE EiE 2 FAV 7o B SRR h D R D
ENHEE FIEERE LT, EBROFMRENG, JEDE & OBl
EEETHZLICL0, BEM EOBEmPARIE SN 5141,
FHIT — X AN, BETEOAWEEHRT A TETHD.

FlIE R OB
L.

X B

[1] VALazquez R L, Mezheritsky T, Kadoury S: Personalized Respiratory Motion
Model Using Conditional Generative Networks for MR-Guided Radiotherapy. MICCAI
2021: 24th International Conference, Strasbourg, France, September 27-October 1, 2021,
Proceedings, Part IV: 238-248, 2021

[2] Klein S, Staring M, Murphy K et al: elastix: a toolbox for intensity-based medical
image registration. IEEE Trans Med Imaging 29: 196-205, 2010

[3] Landman B, Xu Z, Igelsias J E et al: Multi-Atlas Labeling beyond the Cranial
Vault—Workshop and Challenge, 2015 [online] Available:
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Organ discrimination by endoscopic video analysis to support creating of findings
Senri Umetsu”!, Mai Fujie*?, Yukihiro Nomura™, Jun Kato™, Toshiya Nakaguchi
! Department of Medical Engineering, Graduate School of Science and Engineering, Chiba University
*2 Clinical Engineering Center, Chiba University Hospital
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EE  NRERE T, EMARAEOREE L TRHNE, RERS, FEHLEREEZEALFTREELRTS. LrL, NS
BED T ORAE T OFT RAERIIHETH Y, ERNIRESZ ORI ZFIHA L TEAT . EMOEEQRBROS, BT RAIERO
ko bid. o, FAZEMOGREICE S 2D, SRR ORELHETH L. DRSO B ERNVCERZ 2O
BAOL L, EREAMRAERSENS RO OIS, AU TIE, NESEEIEATIC L AP AAEROSRL L RfRnb L2 BnE L, F
—EBE L LT, BAESOMBRIEARE TS, BEFIETIE, CNN & LSTM Z#AEbY, FEME®REZFE LS Ema1T
I, BT, SRR L TRAER AR &R TEOBITH NS Sliding Window(SWHZ & - TIEEHER 2B LD E 7 L —2 %
FRET 2. 17 ERONREERE CHE LI-IRETIEERO 7TIER CHAE U724/, LSTM & SW 28 AT 25 2 & OFhHENRE S
ni-.

F—U— N NESTIE, FTRERL, BEEE, wEEE

1. FC®IC LSTM(Long Short-Term Memory) Z flA Aot 5 Z & ¢, FEETE

WHREMRAIZBWT, EMImATss L CRHNE, R WAEFMAT S, LTI E LT, Tim Boers 575 CNN 2
figss, SEMEALE 7 & OIEE 2k LT A 1ERT 5. AT RNN(Recurrent Neural Network) % 8 A3 % Z & CTHREREIE R & F]
X —% ARN LT CHNESELBIET 2700, FTREZ A FA U7z EEBVHARAE DR JEICER D $A A, TRIOZEM R O
HTDHZ L IIREETH D, Z DT OMERIE RS A FEEE O E2 R L72[1]. ZOWFRICBWT, Kfllfk7 7 213
T LSANEAT, FiREERT 20BN 5. ERIOEEA RESLINEFT 1 ETSBHESNS. LM bENEgRE T
BB O DI, FrAfERERILT 2 EBROEND. I3, IRERf A G EIFEE L CBIERT A2 b H B, L, Tim
F7, TRIZEMOTBICESWTEREIN S 728, SHiRN Boers b DBFZERE RN HIE, 7 T ADHBUEF A —E TR
DFAE DI & 720 TV D BRSSO RS TRISO R HIZBTDZHEIETREN TR, Z 2T, ABFZE TR

EOBRNPO Y, IEMRREOFTEITEE TH L. AL TIT, HHREFA L Clligsz 08 L, FEEENREIRED X o5 72
PARSR B EIAEAT 12 1 D AT AAERL D 231k & stk % B 7 7 ZOWBIERF N —E TRWREOSEICB T D2 A9 E
MET5. F—BHEE LT RELEOT CHLEERFRTH RAET 5.
DA OHIR Tk 2R T 5. IR DB IR TIE, 7 L — L BN C Ol RS ot L
T, g0 B0 ThHERETHREL, R EEICT
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Computer-aided diagnosis of osteochondritis dissecans in ultrasound images of elbow using deep learning
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Post-market training of a hot-spot detection system of malignant tumor in a bone scintigram
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Abstract: Al-based diagnosis suffers from the low accuracy, resulting from data imbalance between normal and disease cases. This paper proposes
a novel hybrid model to alleviate the data imbalance issue in the subarachnoid hemorrhage classification issue. We present a centroid-attention
concept to build up a centroid feature representation of each class dynamically and metric the distance of centroids and features as constraint
conditions to enhance the classification performance. In addition, we design a novel loss function to optimize the centroids and the model
dynamically. We performed experiments on a highly imbalanced brain CT dataset, including 33 cases with subarachnoid hemorrhage and 2519
normal cases. Our experiments showed that after inducting the memory-attention hybrid model, in contrast to the previous work, the F1 score
value was improved around 4.7%, confirming the proposed method's effectiveness in alleviating the classifier bias toward our mission.
Keyword: Imbalanced Classification, Metric learning, Memory-attention, Subarachnoid Hemorrhage

1. Introduction

Subarachnoid Hemorrhage: A Subarachnoid Hemorrhage (SAH)
is a subtype of cerebrovascular disease caused by acute hemorrhage
in the subarachnoid space [1]. In terms of pathogenesis, it can be
divided into the Traumatic subarachnoid hemorrhage (tSAH) and
Aneurysmal subarachnoid hemorrhage (aSAH). Especially, with the
high lethality and high omission diagnostic rate of aSAH in the
emergency department, SAH diagnosis haunts clinical residences for
a long time.

Data imbalanced issue: The imbalanced data problem (all called
the long-tailed problem) is a common but critical scenario in the real
world. In the clinical situation, compared with the number of normal
cases, the ones with the disease are rare. And then, it makes a
challenge for Computer-Aimed Diagnosis (CAD) system to learn an
unbiased classifier.

CAD system on cerebral clinical image: Several previous
researchers have gained remarkable achievements, Chilamkuthy et al.
[2] used a base CNN to detect ICH CT scans and compared the
performance of the model to that of radiologists. On the data
imbalanced classification, Lu et al. proposed a CB-DenseNet LSTM
framework and its varieties SACB-DenseNet LSTM [3] to handle the
data imbalanced challenge in SAH CT classification on an
imbalanced dataset.

In this study, we present a new perspective to deal with the data
imbalanced issue on SAH CT classification. The contributions of our

work include three highlights. (1) We design a novel model,
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DicoriaNet, which dynamically learn centroid feature representation
of each class (could be regarded as global information) and metric
distances of centroids and features as constraint conditions for
performance improvement. (2) We design a loss function to optimize
our proposed DicoriaNet, which can optimize the centroids and model
dynamically. (3) We conduct experiments on the imbalanced SAH CT

dataset and create a new record on our dataset.

2. Methods

In this section, we first demonstrate our proposed method's
schematic diagram. And then, we elaborate on critical points in the
remaining parts.

DicoriaNet for imbalanced classification: Figure 1 shows the
overview of our proposed method, DicoriaNet. Besides the feature
extractor (we chose the DenseNet-121 as our backbone model), the
model consists of the dynamical class centroid computation and KL
divergence-based attention query calculation processing. We input 2D
axial CT images and employ the feature extractor to obtain the feature
representations of CT images, and utilize the extracted feature vectors
to the consequential processing. The purpose of the dynamical class
centroid computation is to obtain a global feature representation (class
centroid) and dynamically update it in epochs (optimized by center
loss). On the other hand, the query calculation is expected to learn an
attention weight in order to guide the feature representation to fuse
the related centroid wisely. Without loss of the characteristic

information, we conduct Hadamard summation on the feature
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Fig. 1 The workflow of DicoriaNet. The query creator block is a linear layer to enhance model’s learning ability. The center loss is applied to

minimize the space of intra-class samples and separate the inter-class samples. The signal © represents the Hadamard summation. The
initialization of centroids is calculated by the mean of feature vectors in the same class.

representation and the fusion information (weighted centroids) for the
final classification. We refer to Liu et al. [4], adopting cosine norm
classifier as the classifier. In inference, as conventional CNNs, we just
input 2D CT images and obtain classification results.

Dynamical centroid computation: Instead of the conventional
batch-based centroid method (which suffered from lack of global
information), the method dynamically update centroid in epoch by its
gradient update. And for centroid updating, we design a loss function,
which is inspired by the work [5]. We redesign the loss, which the
distances of the sample and its non-correspondence centroids are also
in consideration. The loss function maximizes the distance of samples
and non-correspondence centroids, and minimizes the corresponding
one, making model have better discriminative ability.

Attention query calculation. Lu et al: [3] visualized the feature
importance vector and proposed the concept of feature importance
distribution. We recognized that samples in the same classification
results show quite similar distribution. Hence, we vectorize and
normalize the centroids (centroids initialization is written in Fig. 1
caption) and samples, and employed KL divergence value of samples
and each centroid as metrics to measure their correlation. Considering
the nature of KL divergence value, we get its reciprocal as the

attention weight of a sample to each centroid.

3. Experiments and Results
Dataset and experimental setting: For verifying effectiveness of

our method, we conducted experiments on a heavy imbalanced SAH

Table 1 Quantitative evaluation results of experiments

Experiments F1 score Recall Precision
DenseNet-121 0.638 0.721 0.577
CB_DenseNet LSTM 0.726 0.936 0.594
SACB_DenseNet LSTM 0.734 0.927 0.608
OLTR [4] 0.656 0.509 0.923
DicoriaNet 0.781 0.673 0.933
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CT dataset. It was collected by the National Institute of Informatics
(NII), including 2,519 cases of no hemorrhage brain CT and 33 cases
brain (607 slices SAH CT and 108,737 no-SAH CT).

Results: For quantitative evaluation, F1 score, precision rate and
recall rate were applied to support our experiments. We summarized
experimental results in Table 1. By comparing previous works and the
state of art method [4] tackling long tailed problem in computer vision,

results indicated our method outperform others.

4. Discussion and Conclusions

We discover DicoriaNet alleviates degradation of precision score
caused by using LSTM, making intra-class distribution compact, but
the recession of minority samples martin at decision boundary should
be noticed. For future plans, the generalization of DicoriaNet in other
medical CT datasets will be discussed.
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Abstract: COVID-19 has become a worldwide disease, and some variants of it spread more easily and faster, which causes more affected cases.
Segmentation of COVID-19 infected regions from chest CT volumes is helpful for diagnosis, staging, and prognosis of COVID-19 while labeling
is time-consuming. In this work, we employ a semi-supervised segmentation method to segment infected regions with few labeled data and a large
amount of unlabeled data. To solve the problem of unreliable boundary annotation, we calculate loss without considering boundary pixels. In the
experiment using the proposed method, we attained 0.730 of Dice score.

Keywords : Co-training, COVID-19, semantic segmentation, masked loss

1. Introduction

Over the few years, COVID-19 has become a worldwide pandemic,
resulting in over 513 million infected cases and over 6 million deaths
by May 9, 2022. For diagnosis of COVID-19, CT image-based
diagnosis attracts attention for its high sensitivity (about 98%) [1].
However, analyzing CT volumes is tedious and time-consuming
because one CT volume usually contains hundreds of CT slices, and
some infected regions are small. Segmentation of infected regions
helps radiologists analyze CT volumes effectively and provides
evidence for the staging and prognosis of COVID-19 [2].

Semi-supervised segmentation methods take advantage of limited
labeled data and a large amount of unlabeled data to approach the
performance with a large amount of labeled data. Considering data
sharing between different clinical data center is challenging, Yang et
al. [3] combined federated learning with semi-supervised learning. In
detail, clients save data invisible to other clients and servers. Clients
calculate gradient with local model and share gradient with a server.
After that, the server aggregates the received gradient and sends a new
model weight to clients. For client saving unlabeled data, the model
is optimized by minimizing the difference between pseudo label and
prediction of augmented data.

Despite of these successful methods, segmentation of COVID-19
infected regions is still challenging for blurred boundaries. Different
radiologists may give different annotations, especially for boundary
pixels. We omit boundary pixels of the ground truth and
corresponding pixels of prediction when calculating loss to solve this

problem. As a result, incorrectly annotated boundary labels do not
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worsen the segmentation performance.

2. Method

The overview of the proposed method is shown in Fig. 1, where y,,
X; , Xy, and B are the ground truth slice, labeled CT axial slice,
unlabeled CT axial slice required for semi-supervised segmentation
method, and extracted boundary, respectively. Following cross
pseudo supervision [4], we use two U-Nets initialized differently, U-
Net 1 and U-Net 2, to segment infected regions of COVID-19. With
input x,; and x,,, the outputs of U-Net 1 are y} and y3 respectively.
The case for U-Net 2 is similar. In the training phase, we first extract
the boundary of infected region B using the ground truth. Then U-Net
1 and U-Net 2 generate a prediction of infected regions from the given
input X; and X,, and are optimized then. In the test phase, U-Net 1
generates the prediction result of COVID-19 infected regions from a
given test axial CT slice.

In the extraction of the detailed boundary of infected regions, we
erode infected regions of the ground truth slice and search pixels with
different values between the erosion result and the ground truth slice.
To solve the problem of blurred boundary, for labeled CT slice using
U-Net 1, we use masked dice loss defined as

L=1- li 2y, - BL')Yt,i,chl,i,c +s
C Xl (1= B)yic + X, (1 - B)ylic+s

(M

where B, y;, y£, s, n, and C are boundary mask of ground truth,
ground truth, prediction result of labeled axial CT slice generated by
U-Net 1, hyperparameter to prevent zero denominators, the number

of pixels form B, and C is the number of classes. The case using U-



Net 2 is similar. Loss for unlabeled axial CT slice is defined as the
summation of dice-based loss [5] between prediction results of

unlabeled axial CT slice and pseudo label generated by another model.

3. Experiment and Results
We used 15 labeled CT volumes and 86 unlabeled CT volumes for
training in this work. We used 5 labeled CT volumes for the test. The
initial learning rate was 10™* and decreases 5% every epoch. Batch
size was 4, and the optimizer was Adam.
Segmentation results of infected regions are shown in Fig. 2.
Quantitative results are shown in Table 1. We attained the larger Dice
than U-Net while the proposed method predicted smaller regions than

U-Net, and it was easy to omit small objects.

4. Discussion and summary

Our method gave a better Dice score than U-Net, while this method
tended to predict smaller regions, and many infected small regions
were not correctly segmented. We thought the masked loss function
imposes little loss on small objects.

Considering the blurred boundary problem in the COVID-19
segmentation task, we applied masked dice loss to a semi-supervised

method. We obtained a dice score of 0.730 in the experiment. Future

]
T heps]”

Fig. 1 Overall framework of our work, where y;, X; , X,,, and B are

ground truth slice, labeled axial CT slice, unlabeled axial CT slice,
and extracted boundary. In training phase, U-Net 1 and U-Net 2
predict infected regions of X; and X,,. Masked supervised loss L1
and L2 are used given labeled input CT slice for training and loss
Leps is used for given unlabeled input CT slice for training. U-Net 1
and U-Net 2 are optimized by these losses. In test phase, U-Net 1
gives prediction result of test axial CT slices. Black arrows are data

transfer. Red arrows represent parameter updates.
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work includes developing a better mask to improve the segmentation
performance of small infected regions and developing a new

evaluation method to show the improvement.
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Table 1 Quantitative comparison with U-Net

Dice score  Sensitivity Precision
U-Net 0.716 0.693 0.769
Proposed Method 0.730 0.723 0.755

Case 1

Case 2

The Ground Truth et Proposethod

Fig. 2 Segmentation results, where red regions are infected regions.
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H v AT AKX, InformationeXtractionfromlmages 7' 7 &= 7 |
W OB Z R LET.

FlEER DA
L
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Pix2Pix 27 4 ¥ a7 /)L GAN IC X Z2EH MRI DE—Y a 7T —F 77 7 bOWE
FH B, = E=57 Bl JEREY, R T, %k BeET, W ERET,
iR AT, RE T
b OER R P B B R B RS TR I R
TR
B OBEBOR T TR R
Motion artifact correction of Head MRI using Pix2Pix Conditional Generative Adversarial Networks
Keisuke USUI"!, Isao MURO™, Syuhei SHIBUKAWA™', Koichi OGAWA™, Masami GOTO"!,
Yasuaki SAKANO™, Shinsuke KYOGOKU"', Hiroyuki DAIDA™!
! Department of Radiological Technology, Faculty of Health Science, Juntendo University
"2 Independent

*3 Faculty of Science and Engineering, Hosei university

EE  MRIRE TIIABIOT —F 7 7 7 SAEBZK O & 725, WRBSEIC L D MIEE TR 22 M5 fifie O TS HEN &
D, XS AKRER TOREIIHEAT — X OMENAETHD. £2T, T—v a7 —F 777 a2y Iab—hLEFEET
— &% HWT, Pix2Pix CGAN |2 X 2 E/EUEORSE % N L7z, AFIETIE, 20 FIOBEREGR N OE—a v T —F 7 77
NG O T2 RFE WS % 6420 WAlER L=, ZoF—%0 90%1%” LR ZREECER L. 28T —2 37 —F 777 hOoHE
FEEEL LOKEIGT, FET—Z L OMAEDOTIC I 2HEEZMEE L. §HMllE, 7—F 77 7 MELE(R & ORERHE
AL EE(SSIM) & B — 2 hm’é‘éﬁtt(PSNR)%*M. %ODF%, CGAN D IE B 035 b M E <, SSIM 23%9 26%., PSNR 73
F7.7%A E L, CGAN OFEET /M LA FENENFIESNT-.

F—TU—FR:E— a7 —F 777 b, CGAN, HE MRI, FE%E, WMElE

1. [XC®HIZ 2. ik

T RIS E L2 W% (Magnetic resonance imaging: MRI) % 1) T—vary7—F777 NEBOIER
TORBNIZWHEE DL L. T—va T —F 777 BWALOFIRIZ LY, FEAES MRI Eifg (6420 £) 225 E—
IAAR TN OB D728, k 22 OT — % ZRiME 5 X ay7—F 777 bEERLE [3]. AFETHE, Bixofn

OB IFRANCHIIET B FIENEE SN DR, —7r v ADRE T2 sEFHE g 2 RE, AR ZORDHEICE10 B 7 A BE)
L ENMEREICHIBER HD. ZNET, BHAL=2—F )L S, FroEmPLEE10° X 0.5 [HEESET 80 FEOB
T MU= IZ XD HIEEDNRRE STV D08, (KB M E BESEAEHE L. 2E 7 — U =B k Efofrfis o

BaBENT—5 L LTIe~"T 22 ®|ICHEiT 5 Z EARETH — AT o HFNCHRE LT —F 77 7 Mk L.
STz [1] VAR T, ARl & e %%Oﬁ&iﬂ“é@iﬁi*y k 2) REFEET LORER
Lo, EERERERNATREIC /72 [2]. 24T 1 {2 CGAN DG 279 Al & il SHlRI S &

ﬁ?'J rf*’]*ﬁi BN USRI ERRy T —2 bz, W@AERMIELWT L Th DHfERE2 8 L.
(Conditional generative adversarial network: CGAN ) T, it @

= o B s b - 8 N Noise (z) — Generator — . Generafed —  Discriminator — | Frediction

BEOBN—BMEZERL TEAI NG, T—va T —F7 images (x*|y,y) (fake or real)
77 MHEIZIRMTHD EEZOND. AFETIE, I = | Ty

L—ya i eE—var7—F 772 bEERL, CGAN '
WCEAMENRE T —F 77 7 bALFET—FZ0ERE © 515"5’?;3

b@% X_T*ﬁnﬂzbf; é% \-, 7‘]‘“‘}\3‘—/3“‘7 (Auto 1280128,
&4
encoder : AE) 35 O U-net & DA IEREE % Lhigt L7-. H q
o s \4I\' \I ]H 512 Output

256,256,3
= Connect layers — Convolution — BatchNorm - ReLu  --+ Transposed convolution

128, 128

64, 64
256,256,3 32' 3115 16
Input pair 8.8 8 . . output
fake or real

64 128 256 512

*1 AR B RS I R R
(T 113-8421 W AR SCH X ANS 2-1-1)

. o . ®1 (a) CGAN ® 7 L— AU —2 . (b), ()IFZ N EIA T & ik &
e-mail: k-usui@juntendo.ac.jp

DAy FU—IHEEZRLTND.
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AE T4 EHiE L L, £ Z 13 convolution — ReLu —maxPooling
Z R AT LRV A X)) Lz, 7 4 v F—%A X2
X2, (I 7 4 V2 —HE 32 F v rv & Uiz, E72 U-net 13,
KA4fgoxry a—F—L7 a—4—%FL T convolution — ReLu
—maxPooling Zfif 2, &F ¥ XNV TAX v FHEkia LI fEiE L
L7z, 74 WX —H A RIE3X3, HI7 4 V2 —50T 64 F+
YERNE LT B BET IS LASIRE =Y a v T —F 7
77 NEBTH Y, MABEBRITIATI EXT L5 0EBR E L.
FHETVXT —F 7 7 7 NOHBUG R &K & BEIT5T
ToEg, B LUK EBELZGDE BB TENLENTE L.
3) WE AR

FET = ZTEENLR 642 KD T2 SRR 5 E— =
T —=F 777 NEBEERL, fEERGE G LTz, fiiEE
BIx7T—F 77 7 MBI EFEET LV EDOMBEDET
FNEIRFE LT, fIEEGROEE L, R L OFEG & o
v — 7 {5 5 xtHE = bt (Peak signal-to-noise ratio: PSNR) & #1545
RIPERE%L (Structural similarity index: SSIM) Z &5 L7z [4].

3. MRLEER

M 2 IHEHETNEFET—4DOT—F 777 MHRIC
*THMEEBOERERT. FEHET MLV T—F 777
MEIKRIFICE C& TV 5. —5 T AE I X ZE Mo fEEEDs K
<MLLz, U-net & CGAN I, UG ZHERF LRSS 7 —
F7 77 MRS &6, hr—=u I TF—H T —
F7 7 7 MHBEF RN LAV ST, BHENIC RS H
L TEBYMIERBERR T THoz. K1BLV2IT SSIM
& PSNR Ofi R a3 FHET NV ET —F 77 7 FOHBLS;
MAE—THDZ LT, &bl SSIM BLNPSNR 75 L7z
2, K- BET —H TOFEET L TH->TH SSIM 1E 0.9
Pl 7otz K- FBET —X DOFET — % Tl Unet B &
TN CGAN T SSIM 239 24%3 L UY 26%IM =L, PSNR A3
4.8%F L UO%I 7.7%If | L7=. CGAN IFH#ilKstts 12 /LA
AL BINENTWAZE T, T—va vy 7 —F 777 b &
I CE BB IEWA BB AL TE L LW R D,

4. $hEE

SHER MRI B DT — a7 —F 777 b+ 5720,
Yial—va rHETHERLET —F 7 7 7 MNEGEEE
F—4% & LT CGAN IZLBETFNLEREEL, FOMENREE
fhOVRIESE T T L & G L7=. CGAN X AE B X O U-
net & B L CEWEGFIRMENEIESh, FEETLVET —
F7 77 NOHBGTRERIZTHZET, kb BFREET
TNEREREST D LN TE.
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(c) Inconsistent model
2 KFEEET VL DAMEBOMBER. ) E—var7—F77
JhvIab—va v EREG. b), () 7T—F 777 bhmé
—%, BIUOR—B LB VOMIEEL. (d) KT & TEEEO
T—=F7 77 MEitgE RO EE T T X AR

(d) Horizontal and vertical model

F 1 HEFEBHETVBIOT—F 777 FHHICKT S SSIM D5

Relationship with training data and motion artifacts direction

Consistent Inconsistent Both directions
AE 0.848 £0.062 0.307* £0.044 0.848 £0.054
U-net 0.897 £0.085 0.396* £0.047 0.883 £0.079
CGAN 0.925£0.027 0.318*£0.056 0.907* £0.029

* indicates p < 0.005, showing a significant difference to consistent conditions.

£ 2 HFHETVBIOT—F 7 77 FFHEICKTT 5 PSNR Off R

Relationship with training data and motion artifacts direction

Consistent Inconsistent Both directions
AE 25.78 = 1.54 [dB] 22.50* £1.17 [dB] 25.63 £1.43 [dB]
U-net 29.22 £2.26 [dB] 24.00* £1.56 [dB] 28.55% +£2.14 [dB]
CGAN 29.46 £2.37 [dB] 22.10* £1.30 [dB] 29.02* £2.15 [dB]

* indicates p < 0.005, showing a significant difference to consistent conditions.

FEHROH
7L
X m|

[1] Jose Dolz, etal: 3D fully convolutional networks for subcortical segmentation
in MRI: A large-scale study. Neuroimage 170: 456-470, 2018

[2] P. Isola, et al: Image-to-image translation with conditional adversarial
networks. Proc. IEEE Conf. Comput. Vis. Pattern Recognit. 1720-1729, 2017

[3] AU, EH=5 : B MRI fERIC BT 2IREEE D0
—YayT7—=F 777 b= R L—F—OB%. HIECFERE 77 463-
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[4] Wang Z, Simoncelli EP, Bovik AC. Multi-scale structural similarity for image
quality assessment: Conference Record of the Asilomar Conference on
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AR 72 L PET Efg /) 4 AREICR T 2 FRFEBHEETNOF A%
RUEEIR, A=A, RFEALEY, EE?, RAKRIERED
TR b =7 2R SRR ZE T
2 KA BESIRFE Y AT AREERAN R E O AT L TEF
S K RNIARERES - TR o 2 — O ET NI E TS & 2 F — R R SR SE
The usefulness of the pretraining model for unsupervised PET image denoising
Yuya ONISHI"!, Fumio HASHIMOTO", Kibo OTE"!, Keisuke MATSUBARA™, Masanobu IBARAKI™
*I Central Research Laboratory, Hamamatsu Photonics K. K.
*2 Department of Management Science and Engineering, Faculty of System science and Technology,
Akita Prefectural University.
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BEE : i/ A XADZL\ positron emission tomography (PET) Bf@ICxt L, FRNCFEET—4 & v F&SEL L2V deep image prior

(DIP) % W=7z L ) A XBRESLZE OIGARENEFEZ AThITWaHR, ThbOHEMEREIEL7-01I0E, IRELE 2
% DIP BIRD & 57 HPEREM EAXR AR TH 5. AL TIE, BOHMH W REFEICHER T 5 2 & TPET B OA THAN 2%
BEBET NVEAERL, Bi7 UPEA~ERT 52 8T/ A4 ABREOMREN LA RFT 2. BEvIalb—va v BIOSENT—
ZERWTFHEORE R, FEHFETNAVERMTHZ LT/ A4 XBREEEN M EL, ATHRICBIT S KA VAR OEEFET
JL & ERlR U Cod PET AN T 5 mW il b s Sz,

¥ — 7 — K : Positron emission tomography, Unsupervised image denoising, Self-supervised image representation

1. [FL®HIZ DEBEHAND Z L CTERELRET NVOERETD.

MR R B R (PET) B / A RBREIZEHIALR =
2—F Xy RT—2 (CNN) ZIGHT 28546, —BIZmER
B F 72 IR R R FHE F & OMIGHR B 3 72 1 R 3 oD i 4 2
T EBHIEMT HMNERH Y, FREFHEETD. 61T,
FEE Y MIEENLTOWRWRASESIRCHH PET 3EH & v o
TR D RAAL NIRRT HEEENEELE > TWD. Zhb
OBREE MRS B0, FANZFE T —X 8y hEXREL L
720 deep image prior (DIP) & H W= #ififiZz L/ A RBREFIE
DEFHEL IBEIN TS [1,2]. 61, ZORWILAN
2D, BERFHEEA~OISAMEBITON TS [3,4]. b
DM ARBSE L0121, FBELR5 DIP HiEDO S 57 9% = argmin||x, — £, (67168, m))|, @)
BHYEREM BB RAI X TH 5. our

T ORISR BN AFIA L, DIPIC X5 /A XBR
EReOm AT 5. ki 722 PET ANIKHT 2 LA %
AT B EHET NVEERT D720, Fox ldB CEidH v F
BRI EB L, TORAMEZHRET S, ACiis 0 241
BT~V & MIE L LigW iz DIP 7L Y XA L OFEN
B, Bx7e KA AR BER RIS ERATRETH D.

1
6y = argmin — E 1™ = fo(BIZTI, (€Y)]
9 N

i€D,

BE ORI K > TAER S PET Hifgt v M %250
@ PET Wi & v bxf™ 1285579 5 & 512 3D U-Net fu % ficidfb
THIET, FHREHLDOR Y NT— 7 BHOEHIFTH.
FBBETIE, O NIREEE L DIP £T L OYIMIER
&L, B O X D A THEN A LD ) A AREETD.

%0 =fi (9up|9gown' m), 3)

3D U-Net f; IZHEEHEMS (MR) BEifgm & A L7z & 2D IIE
gL ) A X%&ETe PET B4 xo O "L A2 F/IMET 5 =
& TRIEBZ ) A ABRBRBEGD . RFIETIE, FRIPEIC
LoThHonlzxry NT—JEADOZ L a—FHIEEE L,
T a—FEy DHREH EITo 7.
2. Ak

ARFEFZEEDOFEAT v I Lo TRREN TN S. 5§
— BB TIX PET B ORHRE T — & 218507 % H O b

3. R

EUTHNBYR 2 b—y g U RONERT —Z 2 VTR
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MR image
(PSNR / SSIM / CNR) (202dB/079/3 19)

Noisy
(2.72)

BB ) 4 RREEROLE (&

RFEOFMMZAT - 7. ET —212B T 24 —7 v MERIT

FATFE RO RS G & (X572 2 PET FAIZEA L.
Vial—va T —XIC L ERFEOMR, FEEET
NEERAT A2 L TAY PF LD DIP (Random Init.) & ERiE
L,E~7%%ﬁ%ﬁm(mNm,%ﬁ%ﬁwﬁ($mm =
Y NFANK A X (CNR) 23\ E L7z (1% 1). , o

1THFgEIZ BT 5 k%%/ﬁﬁm®%ﬂﬁ%7w(Mmmﬂ)&

g U, FETFEE BN LTV Wy PET RIS T 50
b HER TE 7= (K2). ko T, EHKICKT 548 HEZ

EL, BMETFEEZHWD
EOHIEIZ &

Z & T PET FHUEFR O #E#E S RI 5
LT < REOIEKBED WSS

4. LB
AHFZETIX, HOHAH 0 KB
REFBEBEET NV EVER L, DIP |

gt L7z,

BT 5 Z & T
kB4 RXEEEREORm L
k& 72 PET 3EANTKT L T/ A XEREMERE

Random Init.
(21.3dB /0.64 /4.70)

Random Init.
(3.65)
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MR2PET Proposed
(21.6 dB /0.73 /5.50) (21.7dB/0.81/5.77)

MR2PET
(3.89)

Proposed

;:’%

[11CIPIB, T : [18FIFDG)

WM RS, BRI T 2 AR EEFISNS.

Eifid
AHFF21% ISPS BHFE JP22K07762 DBk 2% T 1-b D ThH 5.

LIERT AR SF
oL
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MR T IR RN T T 4ICBITHEREER S E—S a T —F 777 FOERE
TR VEE OB A0 B, WEOED, R OgET
UTERY TnrTa TELYRECE—

TR KERRA B LA

BE LT AN LAV RS T RS

Methods for reducing motion artifacts associated with abdominal wall motion in MR elastography
Mikio Suga*m, Makoto Ogano*z, Yo Taniguchi*z’3 , Takashi Nishihara™, Masahiro Takizawa"
*! Center for Frontier Medical Engineering, Chiba University
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BE @B 2 8 OFF AT IE AR & i L CTii< 22 5. MRI Z W T IR BRI AL PRI AR o0 b3 43 A % S TAT FT HE
72T L LT MR elastography (MRE)2 b 5. B HFER S F CIXEESETNIZ LS ®—3 3 > 7T —F 7 7 7 MC X Y MRE kiR
HEERENMETT 5720, BEIOSE N TRgET 5. RIS TIE, BEEEEBICIES E— a7 —F 77 27 M OB KRR
MRE #5258l R 2 b —y a VIR VALNCT D 2 L2 HME L. JEEEGICE L T~V a v T —F 777 ORI
DSIPR JE I & i R BIRT B A & 1T, MRE #4857 A —& D 1 -5 T 5 repetition time Z FELEHID 3 430 1 ITRET S
LETE—VaryT—F 77 bERBRIGLBHT LN TE, BILOSM N COMMSRENEEM L ORZET 3%U T ERL &
R L. LEORERL Y, BRGHICHEREMNEE L TV D55, B MRS T TO MRE RIENFIHETH 5 2 & 23RIE
Stz

F—U—FN: MRZTJANISTFTT 4, T=varT7—F777 ~, BHEMEE, FEFREH, repetition time

1. [FCHIZ TR) L VEIR L, & 52 COESE L TIRWZMHRETE ) & I

Magnetic resonance imaging (MRI) ZFIfH LT, & fhm BN E T 5 . M EE T T VI RE R sl T i A AR U 7oA
MR % IR BRAIZFE 3 % T35 & L T magnetic resonance MR T, T oW ANIERET, k&R LT Ry
elastography (MRE) [1]123& 5. MRE (3#rf& I/ INHRE: DIEEMUD BT H IR OREA T D LARE LTz, IZ, 18ERT
B2 AV TGN 258 &8, MRI SR —7 BRI A & R B I3, IR A0~ D FHEL U 72 BRI 28 4y
VARICEN T 2 — FME RS (motion encoding gradient : A MAREBRIZIENT 5. 205 OB E G & AT B b3
MEG) Z I L7= MRE 7L A S —4 2 Z & W TR+ 5 = ZE[H T OEE B & g 2 KT D, I, 2O FERBEE
Ll kY, M EZmE AT 5. 5O R G S R LIEMEGE 7 — ) AL, B (b EfTo%
AR 2 L TR EHEE T 5. MRI TGRS phase-encoding step (ZKTIGT 2T —# % 1 T9OFKET D, £
LB DO E OB E L > CHBICT —F 7 7 7 K D%, ETHREINT k ZEREB AN 7 —) 2B\ T 52 LT
EULDHZERDD. ZOT—F 777 MI®—v a7 —F7 oD EEMOT =200, TREME & AT mEE GRER
7 7 b &MEE, MRI OFEZ 2 BN 8T 5 MED H %5 . MRE %) 295

TR ERICE—Y a v T —F 777 MBAELHZ LT, 22 ¥3alb—Ya ElRE
MR HE TR RICRAZENE L D Z LR SN D. AT ARy 2 b—va T, RABEOER (Rih: 30 cm,
T, BHMETTO MRE RIB2EHTHI L2 IEL LT, il 20 cm) O R FRASFERIC X o T 1.5 cm ORIE THE) <
W SRR HEEEIC 5 2 D BORE S L, E—Ta v T — EGE LTz, IREV T OIRENFIL 1 sl & Lie. F7z, MRRICHE D
F7 7 7 FARE TR RGE R A SES I 2 L —32 g i R T O EZECOE I L DL HERT D720, RE) 1
LOHONCTHZEEANE LT OELETAIE (EHoER, (CEERL) EAEM (I
A OLRG OALE, ETOMEELSHY) D2 EHire L.
2. Bk E7e, BEEEIEE T VPRI IR A A0 E L7 NERER ORIR
21 HELIaL—Ya vHlIE IIAEHN, b 192em, il 9.6cm) ZELE L7z, PEREL
T a7 —=F 777 bEHHRT L0, ROICHK (IEEEAEE 7 L O F LA B W IZ 722> TAIZ 3.0cm, -
phase encoding step (Z831} 57 —ZWHEDZ A I 7% MRI O 2 3.6cm BENLZACEIC 15 BT TRE L, o8I
Wt X T A —2 Th D5 5 WAFHE Y IR LIFR]  (repetition time: HCER S 72, £ phase-encoding step TO IR GG D
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7 BRI g TR B RN A WD CRER Lz, (DA 7

CoORMN LRI EOLE, T—F 777 FORIRD (pixel)i

phase encoding step 2t (MR 55 I5EIH) Ny (pixel), 15545

M0 A USR] Tr o (sec), INBEIAIENsa (TILBI L, B OJEIAT,
(sec) (T HEHBIF B[2].

NyXTgxNsa

Tp

D= (1)
IRV, EEHREICRSOTE, MEEKE 1T 5L X, TR
Z WP JEIA DK = D —, BHEIEEREK (field of view: FOV)
Z EE SR OR) 3 FICRETH LT, 7 —=F 7 727 hOMH
MR EIFOREEIIE L v b RE L, 7T —F 77 7 btRtGst
BRLEEROROVEMEEZM-TZENTED.

AFEBCTHIMT 2 271 A5 DR TE O I A~k
NaRD, FORREC—TEZTTIRAT 4T 4 TFT5HTET
RO T FHERER (3707 ms) ZFIA L TRGSEZIRE L
72 BRMICIE, MRE 7OV AL —7 2 AT AKRA L K GRE -
MRE Z#8E L, TR: 480 & 1236 ms CEEMEILJEHI3), FOV:
768 X768 mm?, matrix: 256 X256, number of sample averaged: 1,
slice number: 15, slice thickness: 3.0 mm, phase encoding J5 Al
anterior to posterior, vibration frequency: 60.0 Hz & L7-=. JE¥iy
SRR & IR R O T R X AL 3.0 kPa & 4.5 kPa

L, WTNOBELEMESRE 0.0kPa & L7c. FhMERSAmO
ST X, R o TR TR SR 43 A #E E F 15 (integral type
reconstruction formula: ITRF [3]) % FH 7=.

3. &R

REV T O EE HRE & AR E LTy Ialb—ra
VG R OTREE G, BRI G, R SR 2 (X 1 1R
L%, o1 ONLE 2 ABIEICERE LR a2 A miE, R+
DALE A NI E LI R A AN & 3. HhE & e
HOWFNOFERIZEBNTYH, TR % 1236 ms (CRHETDH 2 &

TG GICBNE— g T —F 777 FRBNDZ L
ZHER L. LU, AEMOMIETIX, 35 & N e
DS CHMERHEEEDIE L DENKREL otz BT, A
R 0D B AP SR L2 B8\, INALREI DA 3 K5 D 72 &
BT ERVITE EHEREHRENRKE o Tz,

4. B
1 CRULESEBRICH LT, BB TALE L TR O ENF
UC, MM BENG SO L DAENTIVE— a7
—F 77V ERER L. MERBOESEGRIT, FHE
(TR=1236ms) (2B W TENRB/NESL, 2D, E—v a7
—F 7 7 7 FBREBRRINEP LT BEIEESR S A O

2

il BE T 15

Z

)

e

g2
I
0

A I T

ey 1]*]\
M 48 + 1.6 . 0.
Wi e (TR 480) LH&HE(TR—lzsﬁ)éjﬂ ul(TRr1236)

M1 3alb—yagfii

HT R DI 3 45 A1

oW T, AW (TR=480 ms) Lt L <, AMHE
(TR=1236ms) & AREHE (TR=1236ms) TOZEN/NEZ o7,
IR SR 0 A0 O Ml & BRI S b, TR Z M E O
Z0— T A L THERENR LT L AR L. £
7o, FMEES (TR=1236 ms) TOEBRED L WHNE (TR=1236 ms)
EORENZE LV, R FAEENICEDETCETEITLHZ L
VXRTRE SEHEE DR ETER L 72 5 T L DURIB S LTz,

5. £
H H IR T TOfFlE MRE 1238\ Tix, TR ZIERJEH O =
FO—ZIB EOICRET D & & B, BT 2 AHIEICRE

952 L TR R EEELZ /NS TEDL 2 LIVUREE
N ABFERFIC I 0, B O PR E 2% LT MRE
DEAAREL D Z LR TE 5.

HiEE
AWFFED—E1T ISPS Bt JP17H02115 OB 2% 7=
DTT.

HMZHEROFHRE
7L

X ®
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Abstract : In our work, we propose a two-stage image super-resolution (SR) scheme to improve the resolution of confocal laser scanning
microscope (CLSM) images acquired by in vivo imaging for biomedical experiments. The CLSM is a microscope commonly used in vivo imaging
for biomedical research. However, CLSM’s field of view with high magnification is small. Therefore, to obtain wide-field and high-resolution
CLSM images, we use the deep-learning-based SR method to improve the resolution of CLSM images rather than improving complex microscope
systems. The experimental results showed that our method can acquire higher quality SR CLSM images than bicubic interpolation in vivo imaging,
which can be more conveniently for biomedical researchers to observe sample more conveniently.

Keyword : confocal laser scanning microscope, image super-resolution, generative adversarial network

1. Introduction

The confocal laser scanning microscope (CLSM) is a kind of
fluorescent microscope. Because it can capture tiny tissues and cells
in vivo imaging, it is often used in drug development and disease
research [1]. However, the field of view (FOV) of high-magnification
CLSM images is small. Nowadays, many methods are proposed to
improve the resolution of CLSM images. However, most of the
existing methods improve the complex microscope system to improve
the resolution of microscopes.

Image processing is also used to improve the resolution of
microscope images. The most common method to improve the image
resolution is image interpolation, such as the nearest neighbor and
bicubic interpolation. However, the ability of interpolation methods
to restore the structure and edge of the image is limited.

In recent years, deep-learning-based methods have achieved many
excellent performances in improving image resolution. In our work,
we use deep-learning-based image super resolution (SR) to improve
CLSM image. SR is an image restoration technology, which can
recover a high-resolution (HR) image from a low-resolution (LR)
image. Specifically, we propose a two-stage SR generative

adversarial network (GAN) using the SRGAN framework [2] to
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Fig. 1 The workflow of our scheme. The training is showed in the
black dashed box. The testing is showed in the red dashed box.
achieve eight-times (8§X) SR on CLSM images. In addition, we used

data augmentation to solve the small-sample data problem.

2. Method

As shown in Fig. 1, we implemented data augmentation and then
input generated data into our two-stage SRGAN network.

1) Data augmentation. For problem of small-sample data, we

perform data augmentation. We rotate images in three angles



(90°,180°, 270°) and flip images in horizontal and vertical directions.

2) Two-stage SRGAN for 8 X SR. Deep-learning-based SR
model not only can expand the size of images, but also can enhance
images quality. Two-stage SR method is more conducive to generate
high-quality SR images. [3]. Therefore, we propose a two-stage SR
scheme based on SRGAN framework [2] to achieve 8X SR on the
CLSM images as shown in Fig. 1. Specifically, we divide the 8x SR
images generation task into two stages. Firstly, §X HR images with
size of 480x480 are down sampled by the bicubic interpolation at
eight times to obtain LR images with size of 60x60 pixels. Then, the
LR images are used as the input of the 2X generator G;. Next, the
outputs of generator G; are input to the 4 X generator G, to
generate 8X SR images with size of 480x480 pixels. Finally, the
generated 8X SR, images and the 8 X HR images with size of
480x480 pixels are input into the discriminator D to discriminate
the generated 8X SR images are real or fake. The parameters of the
two generators (G, and G,) are updated according to the results of
discriminator D . In addition, we introduce Residual-in-Residual
Dense Block (RRDB) and remove the Batch Normalization (BN)
layers in Residual Block of SRGAN according to ESRGAN [4]. For
training generator, we use a loss function, which is composed of mean
squared error loss, content loss, adversarial loss [2] and total variation
(TV) loss function [5].

3. Experiments and Results

The data used in our experiment was taken by a professional
medical student using a CLSM which is an Olympus FV3000 in
biomedical experiment. We extracted four 480x480 images from
each of HR images with size of 1024x1024 pixels taken by CLSM
with 30X FOV. Because many extracted images are almost all black
background, we removed these images and obtained 123 images with
a size of 480x480 pixels. Finally, we used 112 images as the training
set and 11 images as the test set. Our experiments were implemented
by the Pytorch, using a NVIDIA A100 GPU.

For quantitative evaluation, we used the structural similarity index
measure (SSIM) and the peak signal to noise ratio (PSNR) as
indicators to quantitatively evaluate our experimental results. The
proposed two-stage network based on SRGAN framework obtained
32.93 dB of PSNR and 0.84 of SSIM on CLSM images, which was
better than 31.85 dB PSNR and 0.76 SSIM of bicubic interpolation.

The qualitative results of our experiment were shown in Fig. 2.

4. Discussion and Conclusions

By the deep-learning-based SR method, we achieve a simple, low-
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(a) Input Image (LR 1 )

(b) Bicubic Interpolation (SR 8 x)

(d) Ground Truth (HR 8 x)

(¢) Output Image (SR 8 x)
Fig. 2 The qualitative result. (a) is input LR image; (b) is result of
bicubic interpolation; (c) is result of proposed method; (d) is
Ground Truth.

cost method to improve CLSM image resolution for in vivo imaging
in biological experiments, rather than complex and expensive
methods like microscope system improvement. The experimental
results showed that our scheme achieved 8X SR on the CLSM image,
which is conducive to the observation of medical research. As show
in Fig. 2, our scheme got better results than bicubic interpolation and
blood vessel edges can be more clearly observed.

In the future, we plan to reconstruct SR CLSM images at larger
upscaling factors and use HR images and LR images taken by
different magnification CLSM as paired data to train network, rather
than down sampling HR images generate LR images.
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Exploratory Data Analysis on Hyper-spectral Images of Pigmented Skin Lesions
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E B : Amid the global Covid-19 pandemic, the importance of telepathology and computer-assisted diagnosis is prominent. Skin cancer has a high

incidence worldwide and early detection is key for successful treatment. Hyper-spectral Imaging (HSI) is an emerging non-invasive modality in

the gross pathology of the skin. Spectral signatures of skin tissue samples can help detect valuable pathological features and discriminate

malignancies. In this study, we applied exploratory data analysis on a new HSI dataset of 20 ex-vivo skin samples during pathology. Hyper-spectral

imaging was performed using a custom imaging system that operates in the range [420,730] nm with step 1nm. We evaluated histology-validated

cancer margins against components derived from Principal Component Analysis, Reconstructed Independent Component Analysis and Spectral

Angle Mapper. Data insights were evaluated by medical professionals. Preliminary findings show that the first principal components can provide

information regarding the condition of the underlying tissue. Such information can be used to determine optical cancer margins.

F— U — | : gross pathology, hyperspectral imaging, data analysis, skin cancer, semantic segmentation

1. Introduction

The Covid-19 pandemic highlighted the necessity of telepathology.
Computer-assisted diagnosis can facilitate remote diagnosis and
relieve some of the burden to the medical personnel. In the past
decades, incidence rates of malignant melanoma and other skin
cancers increased twofold in Japan. Hyperspectral Imaging (HSI) is
an emerging non-invasive, non-ionizing imaging modality that
captures spectral signatures of the tissue [1]. Using narrow-band
filters, reflectance information is extracted at individual wavelengths,
in contrast to the integrated information of common camera filters.
Spectral signatures detect chromophore expression of pathological
processes, i.e. angiogenesis, that are associated with tumor growths.

HSI was first proposed for remote sensing applications but has
since been applied in pathology. Vectors of spectral signatures are
hundred points long, which increases the complexity and hinders the
effectiveness of standard analysis methods. Feature extraction can
reduce the number of features and discard redundancies that are
inherent in HSI. Afterwards, the extracted features can be used to
detect tumor margins on the tissue. In this study, we investigated three
common feature extraction methods and interpreted the features they

represent compared to histological findings.
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2. Materials and Methods

Twenty ex-vivo samples of pigmented skin lesions were imaged
using a custom HSI system [2]. Each data cube has spectral range
[420,730] nm with step 1nm and the maximum spatial dimension was
500pixels (corresponding to a sample with length 8cm). Each image
required 1-2 minutes for acquisition. The experiments in this study
were approved by the Ethical Committee of Saitama Medical
University (977) and all participants gave informed consent for the
scientific use of their data. The images were histologically evaluated
by trained pathologists and dermatologists. A total of 384,014 spectral
signatures were captured, 32% of which were within the tumor
margin detected by histology.

Three methods were used for feature extraction. Principal
Component Analysis (PCA) is a common compression technique,
which projects the data in an axis that maximizes data variance. On
the other hand, Reconstructed Independent Component Analysis
(RICA) unmixes components in the data by optimizing a
reconstruction criterion. Spectral Angle Mapper (SAM) is a HSI-

specific approach that assigns a small angular value to similar spectral
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signatures [3]. PCA and RICA were trained on 17 data cubes and
applied on the remaining three. SAM does not require any training. A
signature of healthy skin was used as the reference spectrum for SAM.
The extracted features and transformation vectors were compared

visually and evaluated quantitively by two trained pathologists.

3. Results

In Figure 1 we observe the results of the three first transformation
vectors for PCA and RICA. The first vector of PCA and the third
vector of RICA explain more than 80% of data variance and its shape
is similar to the base component of skin tissue. For PCA, the second
PC resembles the absorbance spectrum of deoxyhemoglobin (HbO2),
a chromophore of the skin, as seen by the critical points at 570nm and
630nm. The third PC has a negative slope at range [500,600] nm, after

which it sharply increases. The 600nm point coincides with the

Basal Cell Carcinoma SAM Angles
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Figure 2 - A sample of Basal Cell Carcinoma where
the tumor margin is marked with white. Values of (b)
SAM angles, (c) the 2" principal component and (d)

the 2" independent component are demonstrated.
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wavelength after which the absorbance of melanin becomes more
prominent than HbO2. The first and second ICs of RICA are noisy.
The second IC assigns large coefficients at the area after 600nm. The
first IC does not show a clear trend of coefficients.

Extracted features for a Basal Cell Carcinoma sample are
presented in Figure 2. The tumor is contained at the central part of the
sample. SAM angles detect the highest discrepancy from healthy
tissue at blood stains on the edge, instead of the center. The second
PC and the second IC provide similar results, for this sample only.
Both detect the center of the tissue and the surrounding ring as two
areas with different scores. However, evaluation of PCA and RICA
components by two pathologists revealed that RICA extracts artifacts
and other reflectance features that happen to coincide with the tumor
area, instead of extracting actual tumor patterns. This was further
corroborated by the noisy transformation vectors of RICA. Therefore,

information from PCA is more suitable for tumor margin detection.

4. Conclusion

This study presented features extracted from skin tissue HSI, which
were then associated to the properties of skin chromophores. PCA
produced interpretable feature coefficients, which is essential for
applications in pathology. RICA was severely affected by data noise.
Despite being a powerful method, SAM failed to discriminate tumor
from healthy tissue in this experiment. The second and third principal
components show potential in detect tumor margins, paving the way
towards optical biopsy. However, rigorous evaluation with more

complex experiments is necessary.
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a non-dimensionalized value

Scaler for switch function, F, to model
effects of Anti-PD-L1

Dose concentration of ICI

Maximum concentration at steady state
of ICI

The half life of ICI

Maximum Concerntration At
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Bevacizumab*** 15 (mg/kg) 3 week 10.3%+2.4 (day) 314.8+40.4 (ug/mL)
Atezolizumab**** 1200 (mg/body) 3 week 13.0 £ 1.32 (day) 536 =+ 49.4 (ug/mL)
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B, P ATRRE S CFR;MT, TR ATEG] CHRIG AU R ) ERAT—42

BWETH B[], LnL, 27— 1 # NSCLC B#HE DHFE JUINKZFFRE T SABR 232172 A7 — 1 #1 NSCLC

HITRIEE & ARERER AL BUR BRIR T (SABR) D 1R 20 e 73 [R] 46 F(n=125; n: JEFIE)OTERFHE CT Eg &k CRREHREZ H

THHERESNTWDR]. D=, BREHOEDIRIE Wzl JRERIEEEITO B o TERNIX 44 JERC, MHEELR

VLRI O 7o OIRIFEAT O ZIEE T RINEETH 5. (TTP)D P RAE L 30 #» H Tho7=. #ITIE, o/
N\ O — RIS < BRI — PR A& E kT D Eifg %, FEIRESE, FLEMRERS L ERL, T oMM

FFEIT NSCLC O T4 L BB FFor[etEn s 5. R N TTP THDH. AL, LM KRB HEEE B S DA

0— Pl e F?{%ﬂ" ) @%%{ﬂ'_%ﬂ s Wﬂiﬂ, n /kﬁ@ﬁ%ﬁiﬂ% CT image Binary image thresholded by 0-255

T2 FETHS. 1 KEDREHET Dy FH~ v~ h“ﬂ
(BN~ v NEBIFE L, ZORMELNSBESND Y/ 3T u & p p
v BPERE & Bl L CE T TR 2 RO FTREME 2 R L e

B o

F ZCARMZED BEIE, SABR OIGHERIEHIE CT HiE D 1 £ BO map Bl map B10 map
R ORI £ B EHR S S R T v AT AT — T s 'eam

*1 UM R R 7 3K :

[T 812-8582, & il V4 ] 77 B XA Y 3-1-1]

] N EIRcy Y == R /é\ W
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#£1 FHELZpfE (logrank 7€), c-index, nLPC
p-value (HR, 95% CI) c-index (95% CI) nLPC
Training dataset Test dataset Training dataset Test dataset Training dataset Test dataset
TFs 1.07 x 10° (0.15,0.07-0.31)  3.28 x 107 (0.22, 0.08 - 0.67) 0.818 (0.73 - 0.90) 0.798 (0.66 - 0.93) 4.88 1.18
WFs 5.82 x 10 (0.18,0.09-0.38)  3.13 x 107 (0.30, 0.10 - 0.90) 0.815 (0.75 - 0.88) 0.717 (0.56 - 0.87) 427 1.08

B CER L. CT Mg oORLEE LT, 5K 7 L
1t & 8 bits FF & 11k, Laplacian of Gaussian 7 1 /L& & H\»
ey VA E T o 72,
2) REFZE

B 125 JEBIGETT - n=44, FEEIT : n=81)% 88 D
FHEGIGETT : n=31, FEHEIT :n=57)& 37 OFT A MEFIHE
17 :n=13, FEHEIT : n=24)T3 1), BEHEZFZHEGO L

T 4 A7 A AT (Rad-score) D FRAEIZ LV & - KU R
R L, THTRIMEREEZ M L7, Rad-score I,

Cox-net IZ L VW BRINT-EEHHESZ MV THDLV T

I T X IPHEE IR

3) FrEHmE

AW TIE, bR Y—ITICLS BN vy 7050
N D R E(TFs) & Sk (WFs) & Lbls L 7=, TFs 1%, FUsEi%
EOBN~ 7 Inb e AN T NET 7 AF ¥ fifHT(GLCM,
GLRLM, GLSZM, NGTDM)IZ & » TEF 41,526 {H{5 5 7-.
BN ~ v 7%, AILEEL7- CT Mifg» 6 GTV I KEfgED A
TAAEERL, 0205 255 OBET Lk L T, =T
N A T 0 RITO NGEFERST; BO)E 1 IRTTD (X
i BHOB A LI T 52 L THRLAH(K1). BIO
~v X Bl vy 7 & B0~y TORETRD L, HifEAK
Sy EREED AR O A £ T, WFs 1%, 8 tﬁiﬁ”ﬁ@%@n?
=—7 Ly NyfEmfg Kk OREE S, TFs &[RRI
N7 NET T AF R RITIZ L - TEE 486 ﬂﬁlﬁ%%ﬂt.

4) Rad-score & BED ') X #AIEAIME

Rad-score %, ¥ 7 X F ¥ & Cox HHINY— KET L
(CPHMIZEE S BRI O RA TROOND. I T ¥
FRERT 5 8 DO EBERMEIL Cox-net IEHMELIZ L 1 8IR
Shi-. EEFFEEOBITFEEGIE DK 10%ICRET D
DR FENE S, 8 DORHEZBIR L. £72, CPHM [H]
IRARE DMK BRI, T & OB EW &R
EL, FUREREUIE S < R EEIR 1T o 72,

FEIEG & T A NMEB O BEREITFEIER O Rad-score
ORYEfEERHWTE - KU 27 BIZEIHb S, £t
TTP O H 77 v~ A Y —KM)#h#r % ERk L 7.

5) §HiA %

KM #i#RI%, log-rank fiE D p i THEHHIAEZ(< 0.05)
ZFHMii L7=. F72, Concordance index (c-index) C Rad-score
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HR: Hazard ratio, Cl: Confidence interval

& TTP OFHEE Z 574 L, p € DA D %4 (— log,o p) & c-index

R Ul 2R A I3 5 542 (mLPC) C WFs & TFs
DOFEAHEAT DT % TR Z B A AICHEME L.
3. 8

(b) WFs

Training : p = 1.07 x 10

Training : p=5.82 x 106
Test 1p=3.28x 10"

Test :p=313x10?

Time (year) Time (year)

X2 TFs(a)t WFs (b)?® TTP @ KM i

TFs & WFs ([Z DWW CHEEERF & 7 A2 MERI CrEAE STz
p {1, c-index, nLPC 3 1 |[Z/~9. 7 A MEFIO pEL Y,
TFs & WFs #51Z TTP @ KM Hi#R(¥ 2) THEFHA B 2% R
L7z. £7, cindex & nLPC IZZ 4 TFs T 0.798, 1.18,
WFs T0.717, 1.08 TH-o7-.
4. BE

/\T’ﬁ JR TR R O BR s e E R BIO U R 7 435

AREME AT 5. F7o, EBEOMERA 22 SRR TE

%&k%ﬂ#ébﬁf%?ﬁ@a&%ﬁﬁ%ﬁ“é.
5. F&H

ARETIE, AT — 1 H NSCLC H# DOIGH#% O TIC
DUWT, 1RIERETCT B2 65 6472 TFs & WFs Z T
#% L7z Rad-score T - KV A7 BECBRIL L, TFs 23

TTP O 7% TlRE & Fr ol RetkE &R L7z,
B
AWFFEO—HEIL, Bt 7eE wiBh 4 (R (C) JP20K08084)
DR EZ . AR EED D ICHY, HEELTER
BN W AR O BRGSO - L E T
FEHROAE

L

x ®

[1]Lackner RP, Lanuti M, Leal TA, et al. Clinical Practice Guidelines in Oncology
NCCN Categories of Evidence and Consensus. JINCCN-Journal Natl Compr
Cancer Netw. 15(4):504-535, 2017.

[2] Onishi H, Shirato H, Nagata Y, et al. Stereotactic body radiotherapy (SBRT)
for operable Stage I non-small-cell lung cancer: Can SBRT be comparable to
surgery? Int J Radiat Oncol Biol Phys. 81(5):1352-1358, 2011.

[3] Ninomiya K, Arimura H. Homological radiomics analysis for prognostic
prediction in lung cancer patients. Phys Medica. 69:90-100, 2020.
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Prediction of postoperative urinary continence in prostate cancer patients on MR image
using 3DCNN
Fumiaki OBA™, Atsushi TERAMOTO"!, Makoto SUMITOMO™, Wataru NAKAMURA™
I Graduate School of Health Sciences, Fujita Health University
*2 School of Medicine, Fujita Health University

BEE Al I o S I L TR R T h A 72 DU R IGRIC L D RIGS I C&, IEHIE, IREIED 1 D TH S Fiil
FHEICB W TRRE 2Ry hPIFOEHRIZLY, EROFIEICHAREFOESEIRNATREE 2> T 5. LvL, KRE LCHI
TERTH DIRRENE UT256, BEO B H/AEIGE~OREITMB T2, ORI TRNE, REIEERO—Bh b 2
ERHIFEEND. TR TIE, SRR TRBIRICHRE Sz MR B IZxE UBRAE 5585 O R —FIESC 3 otk b U
VT E VSRR 4T 5 7%, 3DCNN (ZAJI L, JEFIZ & ICRES RAFB LOR RO EITo 7o, IREH ORREIZ 2OV T
X, it 6 A DKERICEIT D 1| HOR Ny RREMEA LICBAF A RISE Uz, BR1E, JRETH BATOEMED 82.5%, IR
HHIAR R TIE 61.9%& 72 ¥, Balanced Accuracy 7% 72.2% Cdh o7z, LLEOFER LV, ARFIEMAISL ARG BE O IR EES] TR H %)
THDHIENREEINT-.

¥—U— K :3DCNN, AiSARE, MR E%, vRy P, FREEH T

1. [FL®HIZ A, NTHRREMOERBEBR~OISARELR, 20—
BISERRRE T, HAICIST % 2018 4FE D EMEF A D B IR H 4 ZAEBWEAN (CAD) ZOBIRBPEANATHON TV D, KT
BRE LALCTHY, BLIRE & TR EHIPER RS, HHREIC AISLARE D43 BFIC BV TiE, N THfEEMD 1 > TH DT 1 —
Mo sz, BHICE > THRISEIZERRBETHS [1]. 7T —=2Z7%FIHL MR E{&)» SRS ROMHEEE =7 A
— 7, RN O RS AT AMRIR T B0, T—ya AU [3] SRRIEE A BRIN T % (4] 132
YIRIBEEITO 2L ICk Y, RIGHHIETE S, BEAETD. LhL, T4 —7F7—=7I12k D MR W% fiE
RIS O ICH W 55 MRI X, CT X° SPECT &\ - Bri, 1R¥ERGEZ T3 L72argeid b ch 5.
T DG Z WL E I Sl = o R T X RASEW o, RiL T TCABIE T, MREBEE R 2 — A7 —F & LT3R
RO P EAEIE R, RS2 M O &I 72 & ORI FRETH 5. TR+ 5728, 3DCNN Z W 72BN a R » - Rl

FEDTD, ERREAT 5 BEOHFE O BRI W e Sk~ 72 JEFNZ 1T DAite R ARSI Tl &2 HRY & L7z,
BEICBWTAHTH Y, BRBGICB W TR ST

5. 2. F&

7o, BN OIBFIEICIE, FHRE, BEHBRE, 9 ARFIETIE, W RS LD RIS THRE Sz MR B
FIERERDH Y, T OIXRREOBREEL TR L T 258 % (T2 WFE) 2 A7) L LT, 3DCNN % VN CIREERI R 47 -
DY A7 EBEDORESLHEZEEL, BRENTND. REDOTFMAEAT > 72, JREEFIOREIZ SV T, itk 6 22H D
FrZ, FHIPFREICBS O THRRER o Ry FFIROEKIZLY, BERUCER D 1 ADRAN Yy R Z R BT & RRIT
WERDFIEITHN, RHOHSERSAREL 2> T D [2]. F, PREEHIBAF 193 JERI, ARE 73 iEF A AL S & Lz,

L, R E LCRIEHI T DIREKEEN A UGS, AiED
H (QOL) ~D BT IELL T & o728, itk O IREEH TR,
BHEOIBFEBRO—I &2 Z L ifFEn 5.

*1 R ERRSE R EBE R AR R (T
470-1192 £ WI 725 BHET [ 58 - 2 1 &M

98] e-mail: teramoto@fujita-hu.ac.jp 1 BISZMEERE O MR BEifg (T2 TR G)
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ESr N BT L o T, RBEIPHSCHIBR OE BIRE
AL f:&), MR {4 uiﬂ“ L CHILE 21T o 7~. (S 55k
JE DAY —H# [E % N4 Bias field correction [5] (2K 01TV, %

BRI L TIE, A T4 2D 2 WThYR b Y 2 72
Z, EEEmO MY I BT o0

WIZ, BTAVERZ 4T - 7= 12 %F L T Data Augmentation 21T
Uy, FREEH B AT - R RIEGIRNCAFAET DIEGIE D2 AR L 7.
Data Augmentation X, X 2 2R3 K212 A KER), (D~
TV A RO, TEgROFE), THFHAEIC L 505 S
DEF | O 4 FIHOEMGILIZ N TIT o T2,

(e)

(d)

6]

2 Data Augmentation (Z 1 2 "= EREF D AKIE L
(a) JELimifg
(b) A A
() HoTT v A XRN
(d) BMFEHE 7 4 V212 85 FEk
(e) PEFHALER : FRERIZIS1T 2 KIEFEIED 15%53 N
(f) PEFRALHR : FRIERIZISIT 2 KEFEED 15% 3T

B2, MR {4 % 64 X 64 X32voxels |2V ¥+ XL, 3DCNN
WA 2 Z & T EF Z LI REER BRI LOR B OS5
1T-7=. 3DCNN Ox v b U — 7 #&1%, HEEL” L— 24
U—27 T¥ % Optuna % W Tl b 2 1TWVEH L7z,

3. #&EE
3DCNN O ZFMLERZ 1% CPU IZ Intel Core i7 7800X, GPU 12
NVIDIA GeForce RTX 3090 Z#5#{ L7 PC #FIHL, 74—

F—= T DOT7 VL —AU—27 & LT, TensorFlow & Keras %
Wie. B, AR TCHER L7 m 7 F AF python 128V FE
w7z,
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F T, RFEOFEREOTAMIZIL, IRFITINCKIT DE
P (TP), =2t (TN), A (FP), fAkatt: (FN) D EH
L7 (RESHIR I O IEfRSR), FRRE (JREEHIR B o IEfig
), ¥eAIEf#%, Balanced Accuracy ® 4 THE 2 L7, %
HEHIIUTFOXTRT ZENTE S,

JEHE Sens = TPT+FN x 100[%] (1)

FrSBLE Spec = o X 100[%] (2)

A Ef#= Accuracy = % x 100[%] (3)

Balanced Accuracy = M x 100[%] (4)

3. BRBKLUER
Hold out ¥£% AW CHIGIEE AT o 7= 3, JREEN B o IEfE=R

23 82.5%, PREEHIR R TIiX 61.9%& 72 Y, Balanced Accuracy 7%
722% T o7z, AISLPAEIIE 2 £ 9 JE B8 JRESHI AR R & 5038
INDMEMITH S T27z®d, FINRORE ENHFICEHFE S LT
LlEZBND.

4. F53R

ARFFE T, 3DCNN % AV 7= MR i (T2 583 mHi5) |
DRST RN S =R %?f’ﬁf”%@fﬁ?&?kiﬂfﬁ%ﬂ?{ﬂiﬁ%ﬁﬂ%
L7z, fER I, AFENEI IR EE O RESH T IIch
NTHD I EIRBI NI

FTAROEE
3
X ®m
1] ENZARABIEE > & — BAREY—E X, “BHN A :

(2022/05/11)
[2] Novara G, Ficarra V, Rosen RC et al.: Systematic review and meta-analysis

https://ganjoho.jp/reg_stat/statistics/stat/summary.html

of perioperative outcomes and complications after robot-assisted radical
prostatectomy, European Urology, Vol.62, 2012, pp431-452

[3] Aldoj N, Biavati F, Michallek F et al.: Automatic prostate and prostate zones
segmentation of magnetic resonance images using DenseNet-like U-net,
Scientific Reports, 10, 2020, 14315

[4] Zhenzhen D, Eric C, Chang L et al.: Segmentation of the Prostatic Gland and
the Intraprostatic Lesions on Multiparametic Magnetic Resonance Imaging
Using Mask Region-Based Convolutional Neural Networks, Advances in
Radiation Oncology, Vol 5, 2020, pp473-481

[5] Tustison N, Avants B, Cook P et al.: N4ITK: improved N3 bias correction,
IEEE Trans Med Imaging, 29, 2010, pp1310-1320
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Brain Age Estimation from Pediatric Brain CT Images

Using Deep Learning and Grad-CAM Visualization
Ren MORITA"!, Saya ANDO™, Daisuke FUJITA", Sho ISHIKAWA™, Koji ONOUE®,
Kumiko ANDO™, Reiichi ISHIKURA™, Syoji KOBASHI
*I Graduate School of Engineering, University of Hyogo
*2 Hyogo Prefectural Amagasaki General Medical Center ™ Kobe City Medical Center General Hospital

EE 0D 3 o/NIIcB 5 TOMORE MDD TRHETH 5. /NEMOBZWHZRBWT, ZORHIZBIT MO ME %
ERMICTHMT 2 FIENRO LTV D, REFETII/NEORM CT BBICHEBEE2HA L, MOREFEMREZHTT 2 PIE2RE
T 5. \BELETE, 9 CT B DEEFEKAMH L, BB LMNEORIELITS. AT 3 RKEHAH=2—T LRy b
U—27 (3D CNN)ZFAWT, CTHEGLRFEAEMIE L, &8 E CTHMOBEFREHET 2L =a—T Ry NT—JET )L
BRETDH. BELEE 000 47 » AG % 11 7 A)FE TORMRRE SN O VNE 264 NERAWTTHE LFMiATTo72. &
7o, BAEOKIEFEIMEMHEEIC G 2 DG IMEEIGEE LTz, THIF#E & BF O FEEOM O 5 HIRFEAZRMSE)X 645 AT
FTHRAREIL 0.89 Tho7-. F£7=, ANMES T A~ v B F(Grad-Cam) & W TEFANHEEIZE LT B L MERO AT L2
T T RIC OV T HRRET LTz,

F—U— R /NEWCT, REFE, MERHE, Ay 7 A<y s

1. [XE®IC SR, ZhETHESh TR,
FAERORECELAE% CT(Computed Tomography) CHiie AT, CNN Z AW T/IERN CT g A 6RO R4
ST IMEE > HEHIT 2 B2 W AT b T 5. Bl x I, EAHEET 28 LWFIEZRET 5. /NRBI OO R Dt
R BO—>Th 5 B FRE TR 2 BRI R SN D04 BAZERMICGTHIT S 2 & T, ERBESCKRAL 235195
%1 7 A0S 2 BOBIT/MMIZIEBIZER D /L 52 FRRFET ZEEAME LTV D IETIEILI2 DORT v I THER SN

HBH[1]. 2O &) ITHMERBBARIERS2WEETH-ThH, 2 5. EF, 3WoC CT Wifg)» I A+ 2. /NER CT
Witk 2 R B D 5. Lo L, BUEDMRI 2 W o R AL I IZIE, RADFRLHREGR, THOFRGES>THD LN
M D RIR BB & TERANIT R 8O 5 FIED ] 53T <, BABE BRSNS, ZNODORERMAZTRY FRS 2 & T, Mk
DFEBRIIES  TEMERRZETTIETON TV HETH S, /b SHERPICIRE S S, I, sl S 7SRRI D CNN 2 A
VA DR > B B FE B\ 2 RIS 2 251213, kSR o ik i WM R Fl 2 #HEET 5. £ L TIRRICARUINE Y 7 2~ v
Ba REICHE T ORMALETH Y, ThEB k5 ER v 7 (Grad-Cam)Z FIVVC, £7 ARHEEICEE L CTHEH L7z
PARRLTWD. £z, ERORBRIKSE LICEMER 722005 iz ALY .

ELRBIC > TR Y ERNRBWIHTIENLEL ENTND.

WL DOMNDHFIET, CNN(Convolutional Neural Network) & 2. ET—4&
VN T IR OHETE JFIE NS STV B [2][3]. STRR[2] T, AMFFE T, M L ERR Y o & — R T R BRI Sk L7
%A MRI OJiE# 7> 5 2D CNN Z W CHERHEE 217> T 0225 35%(47 7 A)D/NR B4t 264 17T, FEAPEFRIIC IS
5. SCHR[3]TIE, 3D A MRI i — & 55 3D CNN % DFBD LN Do T FBRE Xt G & T 5. AWF5EL, FFEBED
WTHERHEE 21T > TV 5. ZhH® CNN N— XD FEL, RERZR BRI LV KRO EEE L.

B Th 2 B L IR VE, IMBER MR 2 S L L.
AV FTRARNTHD I ENBE T, BEE OB 7/ K 3. BEFZE
CT EB~OMANMEI NS, CT Wi b EwHHEE %17 ABFSE CIERTLEE & L CHAEE AR sl BB & (L O TE,
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CT HOFERYLEIT 7 CT Wi E A1 & LT, MaEE )
LT pEYFRIEE LTl D . X 1 IZARMFE THV = 3DCNN O
Xy NI —7 BT NAREE RS BRARE2HE, v~ v I AT
—V L IB I BT uy s L LTI 42 —%%®4, 8, 16,
32, 64, 128, 256) LM BB H T 207 vy 7 2% T, 6
DO=a2—a bR LEHEERBIZE > UNFmEHET 5.

4. EBRBER

3D CNN %5587 — % 144 ], 3T — % 60 Bl syE L
BafTol. PULHEREOFHKIIX 4 HEDO 7 a AN F— 3
CERTo T B EEZ AN TE T — 2 & v M OwEBRE O
AESAA O 2R LT\ 5. X 2 ICRRHIIC 4R, it
THEHEE L, 4 Fold OFHiiT — X281 52 TR E R L
7o. FEEE L TSRO R HRFAZERMSE)L 6.45 A Th
v, FHEAMREIL 0.89 TH - 7=, X 3 T Grad-Cam % VT, 3D
CNN ¥ B SIS 0 AL 21T o T B aom . AR L
TR~ > 7R 1 IS8 B CT T b b EHIAHRDEIKE
WCBIT D R~ T BB L7z, SRR ISR TR E
BZ IV WMEA RS .

4. FEHLEER

AFFECUE, /NEIK CT Bt 5 IMFER 2 HEE 3 5 Bk & 12
Rz, EROMEE, RMSE=6.45 HORE CHE AT 72
F72, ETAOMEICE LT, EH LZfEEK% Grad-Cam % [
WCRIRAL & AT o 7o R, BIEE A CRWMEABIZ S vz,
ANDMOFEEBRICB O TIL, T EBREN 200 & D%
AR ET D, T OB SESCEE L S E L HFTEAED I
IO RIEEE AR E T D, —F, Grad-Cam (2 & AEBHFEME~
v T, BEHOFENRKENZ NG, RFECHELNE
BT NANEOREEIREEEFH LR LT VE#W. 22T, &
DRTEM CEWEEE LR K ) RET VR EITH 2L T,
HEEREm ENAETH D BTN 5.

FliEROHRE
7mL.
X M
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convolutional neural networks. In 2015 37th Annual International Conference of
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Blood vessel density analysis in microcirculation images of septic model rats
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BE  WulUEEGYEICER UTRIEL, Emicale JETIRGES TH 5. FEMMICIE 100 u m BT OMER TH 2 HuME
BROEESND. TODBUIIEIC T 2 OHRHA T, BMEROLZBLET LI ENEE LR D, ST T, N
FEERIC X D2 MIEET VT v b OWUIMEBRBYEHEIE O K O A & 2 @R AT 25T iz, & 2 Ol s B 2 5
L, WEET VT v M CIHETER, ERZRE LT v MNIEEEAAHER SN2 AT, MIEET VT > F ol
TEER B HGRE O [F] — R O R AALMRAT ~T81 1) 72, BhGREIC T D LB S DR 21T o7z, ALES DRI AE D53 & R &
LEFEE W, 7, MESDERRZHAWT, B COMmEREEIC L DREE(LET21To72. MEBEZEHL, &
MAEETNT v FOMEBEEITD Lie—F, $HE2%E LT v hoOMERET OB Mg ClREMHm 23 R S h .

X—U— R BUMEER, BULEYES 5 v 7, BOhFNA, EE T, (LEADYE

1. FLBHIZ BEDOUAE 1L YL R DORHER 12 L » TiT bz, IULEET L
BIIIE & 1%, YRR D IR+ e AR BOS IR T 5, & L T Cecal Ligation and Puncture(CLP)[4]E 7 /L 203/ S du7=.
EMITEs LIETIRRRECTH S [1]. BUENEITT 2 & LIZERT g b avierRd. E39EbE k2w R T 57
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FTESFEOZWIZB T, 2/ RRAa—7L XiEZns4EKR AT T, 1T LD, BRI X 227 —% 2 EicanR
BEEHNT FFRBR TN L L 7TESES 2 BERICL VBT K A a—TFEBOEEFEIZT AT EITH . TV AR EK
BEIMMTONW TV, AREZaLEAar—L LiTh, 7S FEE EEUSD 2 DT TH Y, 2 7 T ASEMEE E
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1. Introduction
Visual inspection has been recommended by the World Health

Organization as an alternative cervical screening procedure due to its

economic and expeditious advantages [1]. It, however, is subjective
and dependent on expertise; thus, multiple machine learning works

have attempted to automate it by training models on colposcopy-taken

cervical images, or cervigrams. institutional review board of Osaka University Hospital, which
However, acquiring a sufficient cervigram dataset for machine consists of 7,099 cervigrams of size 480 X 640. Acetic acid was used
learning remains a challenge. As a result, most datasets in the field are to enhance the visibility of lesions as shown in Fig. 1, after which
limited to single-label annotations, with only a few made public, so multi-label annotations were added after biopsy. Severe lesions were
previous works have focused on binary and multi-class approaches. prioritized, leading to some cervigrams with partial labels.
This ignores the medical nature of the problem where lesions of 2.2 Expectation-Maximization for Propensity Estimation
different types can concurrently manifest. We consider the dataset as positive-unlabeled (PU), where
In this study, we present a partially labeled multi-label cervigram unlabeled samples can either be positive or negative, and its labeled
dataset and perform cervical lesion classification through semi- samples were selected under a bias, or Selected At Random (SAR) by
supervised learning. Our contributions are threefold: (i) we introduce PU definition [2]. In [3], the authors proposed to simultaneously train
a cervigram dataset with partial multi-labels that closely resembles a a classification and a labeling mechanism, or propensity, model
clinical setting, (ii) we consider the partial-label nature of the dataset through expectation-maximization (EM). The latent variable to be
by treating it as positive-unlabeled and extending a semi-supervised estimated is the expected probability of the positive class § of
deep learning algorithm, (iii) we perform multi-label classification, a instance x with label s estimated by

rare setting due to the limitations of most cervigram datasets.
2. Materials and Methods 9=P(y =1]|s,x,f,8) 1)
2.1 Multi-label Cervigram Dataset

We introduce a multi-label cervigram dataset, approved by the

=s+(1-97 50
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2.2.1 SAR-PU with Deep Learning

Our proposed approach extends [3] to multi-label image
classification by estimating § on M classes for each instance x.
We trained the classification and propensity models using the
estimated § across M classes by minimizing the negative logistic

loss for each instance as

1
Ly = _M;[ﬁi Infe)+@-9)(1-f@)] @
Pi[siIne(x) +
L,= MZ (1-s) ln(l - e(X))] ®)

2.2.2 SAR-PU Ranked Propensity

The assumption for Eq. 3 points to a strict hierarchical propensity
based on the true class. Such an assumption cannot be directly applied
to our cervigram dataset due to the presence of completely negative
or normal samples which appear diseased yet proven otherwise during

biopsy. Therefore, we modify Eq. 3 as

Lerank = =37 ZM ]GMmeax( 2(e) - @)
Z=S;—Sj. 4)

2.3 Implementation

The data was divided in ratios of 8:1:1 for training, validation, and
test respectively. The classes of CIN1, CIN2,3, and cancer were used
for multi-label classification. The network backbone of choice was a
ResNet-50. As seen in Fig. 2, the network architecture consists of a
feature extractor and separate downstream tasks for the classifier and
propensity scores. Training was done in a two-step process where: (1)
the classifier and propensity were trained on the same extracted

features, backpropagating along the down-stream layers, and (2) the
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Loss [ BCE [ SAR-PU | SAR-PU Rank
CIN1
ROC 0.7607 0.7492 0.8209
AP 0.5561 0.5809 0.6348
Sensitivity 0.8030 0.7109 0.7197
Specificity 0.6130 0.6781 0.7979
CIN2,3
ROC 0.7284 0.7596 0.7585
AP 0.7648 0.8056 0.77718
Sensitivity 0.8360 0.6800 0.7800
Specificity 0.5172 0.7678 0.6437
Cancer
ROC 0.9220 0.9295 0.9330
AP 0.8478 0.8569 0.8781
Sensitivity 0.8352 0.8003 0.8132
Specificity 0.9039 0.9147 0.9520

Grad CAM Grad CAM

SAR-PU

LTEEEJZ LiziEt b~ » 7

1213 T A ]‘7‘*‘

feature extractor was trained using the output from the updated

downstream layers, backpropagating its loss only along its own layers.

3. Results and Discussion

We compared our method with a straightforward supervised multi-
label classification with binary cross entropy (BCE), that assumes a
fully labeled dataset. We evaluated the effect of applying a rank loss
for training the propensity model over that of the original in [3]. A
quantitative comparison for each method on the test set is presented
in Table 1. Results showed an improvement in overall performance
with the SAR-PU methods, particularly with the rank loss. However,
as specificity increased, sensitivity scores decreased for both CIN1
and CIN2,3 which indicates more false-negatives. Upon inspection,
the activation maps show a wider focus with the SAR-PU methods,
making them more inclusive of concurrent lesions.
4. Conclusion

In this study, we consider a clinical and realistic cervigram dataset
setting and adapted a deep learning algorithm to accommodate it. In
the process, it highlights the untapped potential of unlabeled cervical
lesions as additional sources of training data for better overall
classification.
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Precision 93.39% 64.97% 99.06% 88.62%

Recall 97.31% 97.39% 96.77% 99.09%

F1 score 95.31% 77.94% 97.90% 93.56%

Accuracy 91.03% 63.86% 95.89% 87.90%
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33 EBRFBRLEZR

ERIE RO EHNCTHEEITS O
JE L BB MU SCEE R A BN Lo
MRERLIORT. £72, K2 ICEHBOAROY
B, £ LTI ICHEREHRZBMLZHEG DR
FATH & Rd. 21 K0 BRI R 4 B0
T5ZET 1%DREN ERA L. FEERIE
FHEHICTH 2N HLNWME Th D & FH L 72HHR
%<, ZTOMEBE LT, BLEKOAE~ A
IJIMT LT, BondERN/ESN TS
ZEMb, I TORER RIZE LW T
T EB 2D, Fio, HBIEHRO R THHE
L7eHa X0, BREREBMLUIZEE DTN
Mz ELS mETEEERNTHLOSA
Dl Ttz ZOHEMB L L CEFMBICRL,
XEFHRITZ D7 T AEICEEMER D2 L,
WEER LICEL ol EZDNRD.

4. #Eim

AFmSLTIE, M CT BRI NVTICEE
NDHBEBEERE M, FEE, Sk L7-me, #
WA, &L THWIED 4 7 7 A58 EITV

&1 ML

Data Acc. TPR FPR
Image only 0.91 0.91 0.03
Image+text 0.92 0.92 0.03

# 2 {R[A17%(image only)
i B 43 I U A
AE 138 3 0 18
a5 0 147 12 0
AN 0 4 155 0
F 16 0 0 143
# 3 JR[FA1T 4 (image+text)
i B 43 I U A
FE 136 2 0 21
4y g 0 147 12 0
AR 0 4 155 0
HLu 10 0 0 149

DENTIED D 0BG A SCEF H A BN
L2 ElckvBERRELTE. S%OMEE
LT, ZNENOxry NU—2I1Zx LTS B
RAOAUBENVETHH.

HEE

ARWFFEIE, SCEE T B A5 A B &
(21H03840), FHARTE WA FIRBEME (K33 #FX
X VIZ 579 &) OB A% T THRITS iz,
FlisfA R DF &

L

BEH

[1]  https://ganjoho.jp/reg_stat/statistics/stat/ca
ncer/12_lung.html#anchor1(2022/01/07
access)

[2] K. He et al., “Deep residual learning for
image recognition”, IEEE Conference on
Computer Vision and Pattern Recognition,
pp. 770-778, 2016.

[3] J. Hu et al,

networks”, IEEE Conference on Computer

“Squeeze-and-excitation

Vision and Pattern Recognition, pp. 7132-
7141, 2018
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Vision Transformer % FU 7= &8 X #REB DO EIE5XRIZ X 5 COVID-19 D2k
fF s, JRE EWT, A 2T, =Lk @
TIPS e A R P AR
Diagnosis of COVID-19 by Image Classification of Chest X-Ray Images Using Vision Transformer
Ryosuke BAN", Keiu HARADA™!, Yoshihiko NAKAMURA™, Tsuyoshi MIKAMI"!
*! National Institute of Technology, —Tomakomai College

EE : COVID-19 I3k~ RB2W FIENIRE SN TS, PCRARAITR b —XMI720, #EROHPICH 2B 572 COMENH -
2. ZOT-OEMERZW O DI FEIC LA T TWD. 7, BASHEWE CHA &N % Transformer % M1 4LE
\ZHEA L7z Vision Transformer (ViT) 1%, —#XBUZREMESETHWSNS ONN Z AWV4IC ON & R LI EDRSEEIC R D Z L &
oo TS, ABFFETIZVIT Z VT COVID-19 MF DOMIER X #REiE OB/ EIC L AR ARZW 2 B E 5. A =35 R
— X i iz Optuna ZfEH L, BIREINT=4 7T 4 <A W RAdam L OVEERIZ L > THEEEITo7=. £, EROEARRED
FEIE TR L 72k 5, SIS TR 90% DR EEZ 4 2 L BN ohno Tz, Eiz, SEE U CESEHOMEALETH D, S%ITBIERE
LR E OHBINREE 72 72 DIZRAS AN 2 5 L E LEEE ST 217 9 .

F—0U— K :COVID-19, [EHME{EAEE, Vision Transformer

1. [FLC®IC DMATRBIZ 72 o 72 T & 0> B FIBRRE I DS LM S Av7z & SRR

COVID-19 &3 2019 FFIZRALIDBEYYETH Y, AT »7D. 2020 1T Google DHFFETF — AN FHEFK L7 Vision
REGYER L TWD. 2019 FICHERETHT TRAINL TS Transformer | Transformer % B/{& 8GO D EFICEHAT H 2 &£ T
2021 4E 9 H & CICHR TR FER S -0 2 B2 TAA CNN & [[%LL EORIE NG BTz 2 &b ik 4 72478 Clt
THHEIL 455 T A b K5, COVID-19 DR & e 5 T IT ENTND. Alexey HDHFFE[2] TIX CNN A LED Z &
WS OMNFIEL, kb —RIICHW STV D DL PCR it 7¢ < Transformer BAK CHIESFHZITVY, BIHiALEH T

ThHoD. LHLKREE L TIIRAR R 2 DI %2 2 THAEREULEORBENER I N TE Y, Vison
THRRENRD D, ERMCEREDSR, PR EOEIXR ST Transformer(ViT) & L TIEEI N TN D.

BV, LORERZEPROEND. 2D LD RENE CT H

oLy N IR 8 A T B AL K 4. EBEE

P HENEEIREE I N TS, AR TIRBEEEE T L 4-1. T—2tv b

Vision Transformer(ViT)% VN CTHgEE X HRIE %2> 5 Normal, AR CIE Linda Wang & OWFFE & [FERIZ COVIDx & L
Pneumonia, COVID-19 ® 3 7 T A3 4H%1T 5. 72. COVIDX (X 5 DDA —T v V) —AF =2t v N EflHED
HCCT&ET—% %y FTHY, Normal, Pneumonia, COVID-
2. BEEWERE 19D 3ODY FAIIIPNIZTNVRHD, K 1ILEKET T A
Linda Wang S[1ICk > T, A—F v YV —ATABEESHTW L ZOFR, WEE, T A MIENEIER U icdis R~
2 M X #REfR > 5 COVID-19 DY % R % 72D ORE
¥ 7 /L COVID-Net ##£% L, COVID-19, Pneumonia, 42. ETILOEE
Normal D 3 7 T RZOWTHEELIT> TWDH[1]. R, ETNOFEIT keras T4 77V Tvitkeras] ZEH L T
Normal 7 7 A% 90.5%, Pneumonia 7 7 AL 91.3%, COVID- 5. lvit-keras] IZ ImageNet21K 5 — ¥t v h CHAIFZEHF LD
19 (X 98.9% T&H Y VGG19 < ResNet50 L L ¥ Do 7 AT ETNTHD. vitkeras & 3 7 7 AMBHET V& LTHEAT
LEWEEEZER LTV D. LIl EEAEE BN L. £, EMEBEICIT Softmax
EREH L.
3. EFREE
3-1. Vision Transformer 4-3. ETILOEE L @A E
Transformer 13 2017 FEZ R SN - EICHIRSFEUE X 2 7 ETNDOFEENEE R NA =T A= FERET DD
WHWONAERBEFEET LV TH L. BRSTEL B LRERST IZ Optuna & F\NTNA = RT X —F ik 21T o 7=, feid
—ZEROF O XA THOOND I LY h=a—TF L3 {EZATo T DIEEEET N T XA EFETCHDL. T LD

v bU—2Z7(RNN) & 70 % g, ZBURABA B2 <, WL FEICHAWEFEEART A= 2 2R 1ITRT. £z, FEBERO
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S FIE L LTTF A RF—ZIZHOWTCITEMR, MA%, B
R ORFEITHITIEMMT S, £, SEETAOEAEEAL R
5722 LIME 25 fH4 5.

1 EI 7 ACBIT 5T —F ORI

Train validation test
Normal 7170 796 100
Pneumonia 4931 544 100
COVID-19 1950 208 200
K2 FEATA—H
HH EXGD
A BE %% Accucacy
R BAEL Categorical Closs Entropy Loss
w7 v ) XL RAdam
T 3.9X10°
5. EBRR
5-1. ERERS%K

AWFFECTIXIEME, W&, FIFEIZ OV TN L, Bhowal
B OBFZE[3] L i LT % . Bhowal & OAFFEITIGES X FREif4
IZX % COVID-19 Z7HHIZB VT SoTA L~ULZER L TV 5.
F72, COVIDX IZ L AFEBRBIT o TN DI DIRETFILORR L
D AT 5 . A FHEFEEOFRERUTR()~G)I R T, £z,
BRSO bl AE B A % 3, IRFEFTHIE R 4 12T

EE = — (1)
ﬁé\g/j = FPT-:,TP (2)
PRBL = FNTf TP Q)
£ 3 FHITEEORER
ST ZE B Bhowal 5[3] FER TR
IEfFER[%] 93.8 94.9
AR Normal[%] 92.0 87.8
Pneumonia[%] 96.0 96.3
COVID-19[%] 89.5 98.0
FELR Normal[%] 92.3 96.0
Pneumonia[%] 95.8 88.0
COVID-19[%] 100.0 97.8
£ 4 BETTH
Predict
Normal Pneumonia | COVID-19
True Normal 0.96 0.02 0.02
Pneumonia 0.1 0.88 0.02
COVID-19 0.02 0.01 0.98
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5-2. W[t
LIME |2 X 2 A #b B2 K 1 1SR, fEaomEmiitskE s
T AZEERRETH Y, REOEBIIGEHRERTH 5.

—~un -
SR
\ || b
B 1 LIME o af 4 {k.f3i]
(/£:Normal, H'4:Pneumonia, #7:COVID-19)

6. BEE
6-1. EHEmBI%

FEREEITA 0% ER L, MEETHDH L EXD. LL,
REATHN L VRS — AR —EH 572012 COVID-19 &
FORREREL L TLE D AMREMER BN H B729, I
ROFAENKLETH S, £72, COVIDx ITEROFRIE H HC®E
IiE FE S AR B 72 7o DIE IR DR 2R 5 B BRI T B AR 2 S
ZDUENRDD.

6-2. Tt

e 2 HE 2 TV DB S 3 - 7228, 15 B0l LISt DEBALIC
HEHLTWAZ—ZANE. 2D X IRPENENE, 2 IE
MRRENE < THMLS ORI CHBE LA L TN D &)
ZERDOTRMICBWTREEEOHLET LV THD EITE X
W, Lo THER T 2 M ER 72O EI THRINT T 2 56 % 5
5372912 ROI i 72 EOMBEAITH Z EMMBELEZ O
2.

7. FEOH

AW TIX Transformer Z# MGEFRMAICHA L-ET L
Vision Transformer % F VT X ARERIZ K 2 EHE DD
COVID-19 DB WraAT o 1o, IEfFRTFEITOUVNTH 90% DG &
R TE 2. LA, BAOEORERTT VOB ik O HE
WRERBETH Y, 5BIXELVEHEEE®EO D2 OICEEE
SIHTR0 ROL Al 72 ENMETH D .

LIERT AR SF
L

x ®
[1]Linda Wang, Alexander Wong:COVID-Net: A Tailored Deep Convolutional Neural
Network Design for Detection of COVID-19 Cases from Chest X-Ray Images,
Scientific Reports, 2020 arXiv preprint arXiv:2003. 11055.
[2] Alexey Dosovitskiy et al. : An Image is Worth 16x16 Words: Transformers for
ICLR 2021, 2021
[3] Pratik Bhowal et al. :Choquet Integral and Coalition Game-Based Ensemble of

Image Recognition at Scale,

Deep Learning Models for COVID-19 Screening From Chest X-Ray Images,
IEEE J Biomed Health Inform, 2021
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LPC & HPSS % AW FERE 0 B 858
RS S - VG A
i HE2 ORF IR
TIUN TERT
2lE R
BPNTNES
Automatic Classification of Respiratory Sounds Using LPC and HPSS
Manami TABATA", Huimin LU"!, Tohoru KAMIYA™!, Shingo MABU"?, Shoji KIDO"
I Kyushu Institute of Technology
*2 Yamaguchi University

* . .
3Osaka University

BE  MRIEROZL TR OER EALi EiF S TR Y, A 800 H ATV IEE B H T\ D, FEIREREE B O 17238 7 1A 130
LarAVWEEEZTHS. LL, EENREENS L, REREEREMARET 2 ER EE, SEBYCII2B R
L2HEENR DD, ZOMBEEMIT D70, MBREEEERMCHN - 8L, [E0BR) L LTHAT a0 a— 2 XEB
(CAD : Computer Aided Diagnosis) > A7 AMMETH D, KFmL T, FPRET —F &P 845 2 BE(HPSS : Harmonic /
Percussive Sound Separation)|Z & o T B ML SR8 TR OBEL, DBERTE ST SFEOEF T — ¥ &, TIEIRE T
#H7(LPC: Linear Predictive Coefficient)|Z & » T ALz A7 N VEKE D LEBARK E1T 5 . 3 FEFEOE %% CNN(Convolutional
Neural Network) & LightGBM(Light Gradient Boosting Machine) % i \» T4y ¥ 9 % . #£ % T % ICBHI(International
Conference on Biomedical and Health Informatic) 2017 Challenge Tl &= — % &~ MI@EMA L7-#ER, Sensitivity 1Z
58.8%, Specificity IZ 87.0%, Average Score |% 72.9%, Harmonic Score /% 70.2%, Area Under the Curve 1% 86.8%, fAf&ME=R
1% 29.4% % 15 7-.

F—U— R [PERE, BARIAL=2—TNFy NT—7, ara—XZEBMY AT L, BTN, TR 5

1. Fif N256, 7L—AL 7 SiL, 2fEO7 A2 EIFEBIC
I g FR U 2019 450> WHO(World Health Organization)iZ & 31, UAT—T4NEDORT—20LT5.

LZIEICL D L, MROKEERFEHE D AL EF b Tina il 22 FE4H#

MER SRR BB O TR ZW HIETh 5, TERRRE AW TE2IL, Jl JEOMERET — X & ie 3 FBEOMRE T — X Ik LT, 7

WA EMBALEIZRD. 20120 [HE_OFER) £ LT L— LU, ZRBEOLE, LPCOIZATV, (REREK H)r b7

fERZ T 5, CAD ¥ AT ADORHREBHLETH D, MR AE/D. A ENT =AY fL e LT, 2 IRGFEH(FF
OHBZHITHT DT, BE TR 72 b T MR OFF Wl - B E TR 5. AT, BEKE NI VIR,

MIZ L -T2 7 7 AERK - EF)DEFIERR, HPSS 2L - T TRIREL 24, A > 513, WEifEY A X 224X 224(pixels) & LT

T IR R A TR B L 72 Ay b T AR AW, 4 W& AT 5 (X 1).

2 7 A(Crackle, Wheeze, Both(Crackle and Wheeze), Normal)7y 2.3 CNN & B3 1 L 55088

BRENMERINTHAE. CAD VAT LOEMKIZIT 4 7 EALOMEETTNNELRE L7ZCNNET V2T 5 (K

FAGHTIOLRAMGEOH ERLETHS. 2). HBIIAHIEOIEME(LREE A ReLU B%, AHIFERIC
ARG TIL, HPSS % F T HLE RN SR A SR 0 BE L, Bach Normalization(BN) % 17 % . FE[I 5 1) & J& 4505 170 O 175

LPC ZHWTET /LT D RFIEERET S. BROTZ, I—x NP A XEfHERA), HEB)E L, MR

2. Fi& H.% Concatenate 95 . 3 FEEHOMEEIZKT L TITVy, HAHER
2.1 FifLER

WET =2 OF 7 o 7 A& 4000Hz 12—, &
DOEHL, MREZ L THEIT 5. HkE T — U 8]
(STFT : Short-Time Fourier Transform)PNZ & > TA~XZ fa 7/ Z

LERER, A~ hBRZT AN HPSSH, WY — U T2 — S
B (70 2 RO ST — ¥ 2835, AT, R srHERT P A5y

1 LPCIZ XD
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C:XEBXDDXCDXED
(A];Iﬁgﬁgﬁgﬁi
XDlXEIXQIXEI
gflel=lle|l=le|elle|=
TElell=lall 2|l =] e
S|l|lg| ||| | | || 5| &
2|8l el|l8lel | &Elell8le
EllSls|[o]5[[S]|E||9]2]]a
< < < <|| &
=
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=
| g
P P P ~| &
ol gl x|l x| x||&] x
o|| x| || x| W | x| x]| =
;mémgmémg
CHEES BN B B BN
glslafsl=nsl=nsl=
=Tl gl T =gl 2] g
s| ®||s| 20| 5| ||| 20
2| ElE||E|E||E|&||E)|¢&
El|C|B||S|B||c|B||C|B
z z z z

2 BEETNOMK

% Concatenate, Global Average Pooling(GAP) L, 43fH#s~AT]
95, FEARI LightGBM % iV 5.
3. RERLEER

ICBHI 2017 Challenge CHEMA SN izT7—%t > hEEMAT 5.

5 EIZERAE ATV, 4 7T AHEICET D Sensitivity(SE),
Specificity(SP), Accuracy, {4FEMEZR(FNR), 3LV 2 7 T R4y
FEIZH1F D AUC(Area Under the Curve) L ¥ §EAi3 5 BIEE 1).
HPSS CAERT DAY bu s T he AT LHFRIEL,
#8112 SVM(Support Vector Machine)% iV 7= Fik &, CNN ik
JBIZ softmax J& % VW= ik & 7 5.

4. ER

AFSCTIE, WSS —# (2 HPSS % AW, HFansEL,
SERZ ST 3 FEEOMEE T — X2, LPC &AW CHEBRAE
A%, CNN % Fi U TR, LightGBM % VW CHEE L.
RNN % W\ e FiEZ < SP, A4S, Accuracy, AUC (28 TH
EFENRDEWVEREZRT.

LPC T & » T, BEIFWEREICBIE L LTHB ST/
A RIS, ERPERE ORI Ul SR R
BB IH A7z 2 LT K DR B, BE L e KR < BT
B A RN, BEENRNSTZZ EICEBEASENND 5.

2% CNN 5 /U1T VGGI6HIDRE R & i 5 &, $¥o#E
FFLNDERIAT I ENTEEZD.

SFEEHCBNTIE, DT DBRICR & R E&H 2 RO A B

TLUTREARE LTERLTND D, BWEENMELNEZ L
EZDH. L, £ NOTFT—FEIZERO BB Y, —FL
U Normal 1@V EE 2157223, oD T~ I3RE R £,

SR WP B A R B 720, B GEORE, T —
DRI KD, &7~V D53 BEE 72 2 W, Refeihbh i
IZ RNN OEANIZEY, ELebEER EZRLMNERDD.
4. 50

AFRICTIE, WEE 4 7 7 ATHBSET D728 D CAD
VAT AORIEEIT 1=, SE58.8%, SP87.0%, AS72.9%,
HS70.2%, Accuracy73.7%, AUC86.8%, fAlEMESR 29 4% % 157-.
SBELRDLNEMREDON LoD, EgERTEORE, 7
— Xty FOMEY OLE, RNN OFAPNLIEL 25,
E Fi

AW i , ICBHI 2017 Challenge Dataset

(https://bhichallenge.med.auth.gr/ICBHI_2017_Challenge) % i
LCW5. CERH AR R A B4 (2 1H03840) D AfiBh 4 5
T3,

FIHE R O H 5
mL

78

x ®

[1] Workd Health Organization the Top 10 Causes of Death, https:/www.who.int/en/news-
room/fact-sheets/detail/the-top-10-causes-of-death

[2] K.Doi, “Computer-Aided Diagnosis in Medical Imaging: Historical Review, Current
Status and Future Potentioal”, Computerized Medical Imaging and Graphics,
Vol.31, No.4-5, pp.198-211, 2007.

[3]1 H. Mukherjee etal., “Automatic Lung Health Screening Using Respiratory Sounds” ,
Journal of Medical Systems, Vol.45, No.19, 2021.

[4] FUEfth, “HPSS Z FIVWN7ZPRORE 0 BB 8" , BB IS A s,
Vol.38, No.2, pp.95-100, 2021.

[5] /NEF, “REIRFR] 7 — U 5RO S LIS, A AR A
pp.764-769, 2016.

[6] H.Mukherjee etal., “MISNA : A Musical Instrument Segregation System from Noisy

58, Vol.72, No.12,

Audio with LPCC-S Features and Extreme Learning” , Multimedia Tools and
Applications, Vol.77, pp.27997-28022, 2018.

[7] N.Asatani et al.,
Convolutional Recurrent Neural Network” , Computers and Electrical Engineering,
Vol.94, No.107367,pp.1-10, 2021.

[8]B.M. Rochaetal., “AnOpen Access Dataset for the Evaluation of Respiratory Sound

“ Classification of Respiratory Sounds Using Improved

Classification Algorithms” , Physiological Measurement, Vol. 40, No.3, 2019.

# 1 KRR

SE%]  SH%]  AS%]  HS[%]  Accuracy[%] AUC[%] FNR[%]
HPSS(LPC)+proposed CNN&LightGBM 58.8 870 729  70.2 73.7 86.8 29.4
HPSS(LPC)+proposed CNN&SVM 59.8 819 708  69.1 71.5 85.0 27.6
HPSS(LPC)+proposed CNN&softmax 63.5 81.2 72.4 71.2 72.8 86.2 22.6
HPSS(STFT)+proposed CNN&LightGBM 53.0 85.6 69.3 65.5 70.2 83.9 35.0
HPSS(STFT)+proposed CNN&SVM 54.2 81.7 67.9 65.1 68.7 82.7 31.8
HPSS(STFT)+proposed CNN&softmax 53.7 83.0 68.3 65.0 69.2 83.5 31.5
HPSS(STFT)+VGG16&SVM X 51.3 82.5 66.9 63.3 67.9 - 34.6

STFT+CRNN!7 63 83 73 72 - - -
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Btk - BUERERER D72 OSRHEER CT BHifg T —F N— A B
PERE KT, W ST, gk HET, R ERMES, TH O ERT, N s
PN RS NG 1" SO v N - 3
B RFR BRI A SRR T A2
2 EEBRFARA N LED 7 4 b =7 AHFIEAT
B SRR IR LA R A I R EAINR R
RO ERR R
R R R e
O RN T v — R EMR T
Creation of a database of multi-temporal contrast-enhanced CT images for differentiation of
malignant and benign renal tumors
Dai NISHIOKA™, Kento NISHIHIRA™, Hidenobu SUZUKI™, Mikio MATSUHIRO™
Yoshiki KAWATA™, Yuki KOBARI™, Atsushi IKEDA™, Noboru NIKI™
*! Program of Science and Technology, Graduate School of Creative Science, Tokushima University
*2 Institute of Post-LED Photonics, Tokushima University
*3 Department of Radiation Technology Science, Suzuka University of Medical Science
** Tokyo Women's Medical University Hospital
*S University of Tsukuba Hospital
*6 The University of Tokushima Venture Company, Institute of Medical Science

BT S0 3 RITER CT Wi h S Bl - SIS 2 68 AT L CEME - BYEE O SR ERENEEZRE TS, Zokznic, &
figk - BRSO 200 SEFI O ZRFRIER CT Bi{G T —Z N—AEMEET L. T OZEHEMEEEY CT Hi{g T — & X— 2 % AU T ig & &
WSS 5 FRAE R BN B MRS A, FLEIREMILS A, BROBEEMIA A, WEBIENE, 4> 291 h—<)% 3D U-Net &
WO EE - mREEIC L, MER, AR, BREBOWHE -, HXE, JEER - B - PR - SPEEERE 2 T A Z2 Y LT
REEAHT 5. /IMRO B BES OEERBIEE 2 fRHT U Caks I 72/ MR O B RIS ORIk & R 5.

F—U— N Bl BEE, SEMERY CT WG T —F N—X, F¥F—4F U-Net

1. 55 - B INHOBEBITFY ) VAT 4 NV AT KA Aquilion
BEREOEMECHERIL 1 HFAEB X, FE 2 BIMEmICH ONE & Aquilion TR SNZEH~ L F AT A4 A CT T
5. JEEEDS/ NS WA @Gem LT)IT RSB OMEEN R <, b5, WMELMITEET 120kV, EER 60~500mA, FFHERL
BB TR ICEMEE TH o2 BEIT 10%TH D E@Esh M@ 1.0mm TH Y, BRI OEHZRE LD, ik
TNWD. wLVFRATA A CTEEOREIZLY 3 RILEBIZ X % 30 ~300 0 CTH 5.
LENREERDNEEE N TWD. AT, B - BEE AHFE CIT AR a2 A, FLERIRE IS A, B
BT D CTHEBOER R Z I S L TRIRED M L2 X SFVERHINNAS A, I FRIENIIE, 42 3 A b—~D 5 EFI%
4. ZOEDICSEHEER L TF AT A A CT BT — & ~_— RIGUTHIFE 2T o 7. AFHEIZ) 3 BFHER CT Mg 41 5EF
A& HAWTER- BIEEO 3 WouEB T — 4 #E-FIA LT, MNH~ = 7V CE, B A LT — 2 X=X &R
Rk - BN O BB A AT S, RR(Q2) fh L7=F — & _X—2% 2D U-Net # VW THEF—%
ZIERRQ) 8T — # (ERGRTE 2 18 BIEL, Dice fR%E0> B D>
2.CT DFEEEHE, FiE D5,
B ERREFRRL ) B A 2 RIS O 3 R (1) PRI AY AJEF] 10 JERF], SLEEIREHRIREAS A
W~ NVTFATAACT Eifg % CT HifgT — & ~— 2 ZHW . JEF] 10 ER, HetaRER MR ASEF] 8 FEF], I fH
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HERAREER 6 FERF], A2 2o b——~JEF 7 EFID D~
=2 T E, TV T =2 =2 BB LTz, L
72 2B 3 ot CT HRBEG 2 1 1277

B1 B - BRSO 3 kot CT KR4

U-Net IZIA ENEBICH LE T AT — 3 U &FT
59 CNN 7—% T 7 F v Thb. ARRFFEICIERL - i
BT — X TEAFEOERY CT Wi s HiliT —4 25
JEBI, WEET— % 5 fEGI, FH[EERE 70 [BIFT o THERK
L7z
HABIBITEMIE L 7 vk v o &Sz THEED
THOKRESZFHAT I THS.  Dice REUTES
DRE S OPEHT HIEES OB G E2RT.

@

®)

3. #ER

2D U-Net # HWTiER CT BT —F N— AN b
iR LiTWEE T — 4 ®1’EEJZ’JETTO 7=.

IR R BISO% O Dice fREAFHIIL 777 7ok L. FHT—
2D —= 7 OB, (b)Dice RED 7T 7&K 2
T

S A
Mo—=0 T EITHBE

— val_loss

— train_loss | 0.9
0.8
08
0.6 o7
0.6
0.4
05

0.2 { 04

— val_acc
0.3
[ 10 20 30 a0 s0 60 70 0 10 20 30 a0 50 60 70

(BB (b)Dice &%k
M2 FL—ZV5 DR
R LEEET—4FAVTTRA MTF—2 1 EFOERE - B
BEOBESMHEZETo1-. K3 ICHHBEERERT,

(a)[REE
3 2D U-Net z AW -Elif - BIESOBEMEHER

()L iER
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BB L7 - BIEBOR T A ABEKR L, ZOEBRIC
mféV:JTWHmLk
Dice $%8% AV C ik L 7=.
TORITRT.
#z

(2t
Hhig - BIEEOAT A AWK %,
Dice $R$ D -8 & MR 72 %

Dice fRE D V-l & AT R 72
A1) 0.911
FEE (R 5 0.025
A BIERR L 725238 7 — & O RS EE I &

DT EnD,
WRD.
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— N LICIBTEZERMIC 31T 2 R O WfE 22 3 BN P RE T H
HEEZLND.

4. FLHLESRDERE

JaEh CT HifgDREER] Z 2 7 ~0 SCL D@z LY, ik
BIPERE DM &, ARNC X 2 R o $R — b 7g LIRS
MICI T 2 RO W/ T BER WRE TH D Z & b, A
NEWEEFTHHZ L 2L LT,

SHOFEE LT, FHET A MIBRD FAL DT —4
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[X] 2 t-SNE |2 X 245~ 7 hrorifdl

% 2 RS A RRFESC IR K S R FE T MERE DIK T 23R 5
NI END, KO RNERLFEEOEFIZLVEI DO RAL
YOTFT—=HIZK L TCHOHEARETNE T HLERDD.

a5
AHFFEIL ISPS BHFE JP19K 12120, JP21H03840, JP22K 12152
DY AR bOTT

Flt 4 ROH
RICR AR ZEBEE R FER N TN GE i 52 Wi e [T 58
AL, BT AV LRSS OILFEFIEEE T
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Contrastive Learning (T & % R ITHIIC & % WES CT BRI 5 RE R
A ", 77~ v U oA, BE =Y, B BN,
Ry A7, BlE BOEY, JEK BT, An FHEY
AR THERY: T466-8555 44 iR AR X HZEFTET
7 NG P =S T R S T PNES TP NE S PN ONE S B SN S
Anomaly Detection for Chest CT Images by Dimentionality Reduction
Based on Contrastive Learning
Hiroki TOBISE™, Kugler MAURICIO™, Tatsuya YOKOTA™, Masahiro HASHIMOTO™,
Yoshito Otake™, Toshiaki AKASHI™, Akinobu SHIMIZU™, Hidekata HONTANI"
! Nagoya Institute of Technology, ** Keio University, > Nara Institute of Science and Technology,
" Juntendo University, > Tokyo University of Agriculture and Technology

BT : Covid-19 OBZWEA BRI E LT, M CT BEPORFEMMRMFIELIRET 5. BEF - BFEZ258T 5 2 7 7 X354
BT LR, EHT—F% L RET — X OFET — A HCARBIMNTTET D B OFENREEL 725 Z LML TS, R
WFIETIE, B8y FEGOMREENAICHESS 1 7 7 AEMBROZEZFEBRAT2Z 810k, FET—2HD0 T 7 A D
R EARRT 5. HERBEESAIT/ Sy FHGZEM CEERD 20 TiEel, BgRMORRN2—27 ) v REMTERSND XD
TRk L2 TRk 5. % Z T Contrastive Loss (2550 < 28 K DR GeEMEIEZ 8- T 5. Contrastive Loss I3FIHHE 23 EH 5 2 #h
T D AREMEEET S ETERTHY, BEETIIWHESCEES & Do 72 B HRICK U CRERF R 22835, e Ciddegk
2 £ A8 CT Mg H o B EHA O R RIC OV THE T 5.
X—U—F: @i CT ®if%, Covid-19, BHEWHM, =a—F L%y NU—7

1. [ZC®HIC FEBR LN ERBT oD, £ 2 TREETIE, Ny F
AIHTIX Covid-19 OBWIEEZ HRYE LT, MEl CT Mg Eifgxs e —27 U v FIRREDE PR R IEME T To Ny FiifgH
D B EFBALN 2 3T T2 D THA T % . Covid-19 TIIadH O DRFNHIET D & 9 RUOEZEMITH R L, S 5E 0k

fitige7e & ERERICERFIC T 0 4 T AEE & S e, EFER TIX ZEWylZ BT B EREE NPT S E BEE —logP(y) %
BEINBRWERE R —URBE IS, &2 THE CT mif P B . HESRE AR P (y) OHEE 2 Normalizing flow [2]
AN E L THENLO Ny FERIT L TRFEELZRDHF ZH, ARIRITZER A~ DS 0¥ 121X Contrastive Loss [3]

EERET D, BERAT 1 7 7 2TER0E2FEBRALT Z M\ % . Contrastive Loss |23 < H D#ENH 0 28 1%, Wik
W5, Covid-19 1XHITBHAAD & FERIFE N E <, EFIEFI RlElii e EIRie DL &I HERIIR AR B S Uk L TARE R
Covid-19 DA Dfiife 7a & & X TERBDN D7, Z o729, WAL, Hglo=a—27 U v NIRRT X0 REROFELZ
EFRERF L Covid-19 Pk 72 E&2F#ANT 5% 7 7 X514 Tﬁb&ﬁ'éhfﬁ)ﬂf%é. Contrastive Loss 1Z3(1),(2) TEF

WEA 2 & SITFBERBORY B E 2%, LinL, E‘e S5,
ERAIIIEREG QWG Y — 2 UL U THRETE 572

1-y y
¥, 7T AT L DEBEF— AR TSN LN, L(x; x5, w) = —= (Dy)? + 5 {max(0,m = D)} (1)
2
2. REk Dy (%1, %7) = |G (x) = G (%) @)

X038y FEHE, G, 1 Twi /T A—2 LT D4R, mix

BB ST A — % —, y € {0, LHEA TR DT (x;, x;) HVHAILLE
L RpED0EET. 2D Contrastive Loss DI/MMZ L - T
b S TS BG5S, HHELEG &
< AHET 5. RIEO I MR 70 A M & N 2 7= g & FH
UG, Bk & 2 A% N % 7= Eitg % HFEEIER & LTl D
TEIC R TEBIIHT 2REL BT D EEBETHZ &
WTE D, FHREB O LRI DV CIFE & [Bds, i 4fto
EH A L, FERLIER O ERIZ SV Tld CutPaste ZE:H L

E%I“WJEP@/\/? Gex DRI FE 5347 % P (x) & KT HE,
XA O E—logP (x) TRl 5 Z &N — R TH
5. L, MERBENAP(x) DHEEITIIZ I DOFE 7 — 2 )8
METH Y, FIRERBIENAP (x) DI TSN BE i
KO TRV EnmenTng [1]. BS TRV LD
HE LT, xBEKRITTHY, EF Ny FEGBHEIERT S
BRI E 2 > TV B T2, xDZERICB 52—
Uy REEEES 2T LS EFRNREET To8y T g E o R
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TU%. Z 2T CutPaste [Z/3y FHGEHND T 2 & L7
K& SOfEEEME L, BIOMEA~EL Y 1 5488, [T
RTIAF ¥ ~OREEZEHTHI EBMLNTND [4]. &
FBABOEHLIZIL ResNet [5] Z#8H L TWo. IEEFESIH D
SRy FEBEOBRTHELEZRD D & BE S FEE N TF S
y%ﬁﬁkﬁma WL D Z EBMRIEES 2. EDT®

DA TZMDOTICETORER N B Uiz Sy Tl
ﬁob\f{fﬁ/kmzﬂﬂ‘ CERD D, F L TROIARRTTHE W
T, EFEFD DN Lo Sy FHEBOREZFE L, HeREE
DAEHET D.

3. EBRER

Xy FEG LT 2 EEAL D A T A 2 D% sEIk A D[]
—SEI BRI L, i Uiz Sy TR 3 kot Sy T
LTS BEBRAEREZK 1 IORT. 2 2 TImENETO
BT AEPLE LT32X32X3 Oy FHEigZH L, &
HENEREEIIET—ZOPLE 7 BVOREE L LTH
W, AU EIT 5 TV A, BERENL Covid-19 D HRER] (7%
g7 —4%), Covid-19 O BURERF]7Z IR FRAY7IER], Covid-
19 OFEHAEFN6 L CTIT>72. Covid-19 O HBLGER] ¢34
0 W T AR ER TSR CW A IR DD . Eok
HRREIZ & > T, BALRERH oD B SRk D #HPR - B4 ALY

L CWAEEFREILTE 5. Covid-19 OIEMALER TIXZEH
D & D BT R 2 F T HEES R TV B

(o) LB (FERFHLAY)

(d)FEHAR

E

(ABFZEIE B AR F RSO a P AT — 2 _N— R ]-
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ARREE T JP201k1010025)) ZFIAH L E Lz, 7 —F ~N— 2tk
FAZB b o TW W AT I&R#NZ LEd. £/, AF
ZED—HE, AMED DERY v 75— 2 FIEHZRET 5 7
T U REHR - Al BHRHTIZBE T 2898 (AMED OffEE 5
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Detection of Liver Tumors from Abdominal Ultrasound Images
with Incompletely Annotated Training Data
Yusuke IKEDA™, Keisuke DOMAN™, Yoshito MEKADA™,
Naoshi NISHIDA ™, Masatoshi KUDO™
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EE  EMBTHREOXEFHNE LT, MY %2R BERES S OFESHREICET 2MERBSZ b Tnd. F
B & ORFFETIL YOLOV3 Z W TR Z T > Tz, LavL, iﬁv HAZITHEG L A 1 SONEEDT ) T —3 3 » LMl E &
T\ otz ERIEIFNS AL 1 M OBEHEBRICERETTE > TWABARHY, 7T/ 5T —3 a DR WREIT B I E R
EHZTCWD. 20D, T )T —a yOREEEEZBE LT EGRHFERSLECTH > 7. 2wt L TAMZE T, YOLOV3
ORFEBCIEEOBEICIS UmBAEZMZ A2 ET, 7/ F—a VRN WEEITET 2B L O R E ot 4 3,40 7-.
FEEBROFER, BRI T 2HERON LR SN, £, HARIETFTLEZLOO, BBUIFRAAICBNTIET /T
— VarBPATENTORWERES ZHRE TETVWD Z LR TE, IREFEOAIMEIRE ST,

F—U— N EEREG, FEERL, wEEeE

1. [FC®HIZ Z 2 CARBIZETIL YOLOV3 D8, KIEEOFEICS T
BRI TR ZWEEN BT A ERICEF L, £ THRICEAEZMZADZETT )T —Ya U BREERT —

DI & A5 U CAERNEE OB B SR A 155 2 & T 2025 OIFIEER O RS E N BET D0 E RFET 5.

ROEERH X 2N T 2 AEFIETHD [1]. =TS

NDWIEHIT CT Bifg7e & L TR S U2 8 <, £ 2. REFE

o7 a—7 OBEE LN GCEROMREIT O 12O MR T TF—a ryDRWVIEEORE EREEBEOWEE-IT
B —EOHBENPROOND. TOOBERWMEZ THET HEFF 5729 YOLOV3 OEEREHEZE T 5. 1 B
DY AT AOWERITHOILTND [2]. NE S TNWAEGIFIEBOMBEIC L TRRS. 07D

Bl & AW B SR A SO L LT, P E S YOLOV3 ¥ B OEIAEEG O T L 0 FEAEMZ 5. 8
OISR OBIZER H 5 [3). T ESOFFETIE, HETHEE KA EIEE L ICBET A Z LT, 7 /T —2arDRVbBD
W BEREFE FEO—>THS YOLOV3 [4] VT IS TN S WIRRE T, oS Clpesikim v ok
FFIEB ORI 21T > TV 5. YOLOV3 O I3 E SEAFFERE 7% EERANDZ L TEENTE D, NEWRIE TOSE TE5
BN B ARERIF IR (AMED) ot snzTF—% % v b IR Lo < 2208, TOXKIE, 7/ 7—va ryORWVE

EHEALTWA. 207 —%% v MNIELA D, BEFE G, EHHHH L9 < 2%, YOLOV3 OHZEBEEIIMHAED KX &
P4, SAERS® (77— ay), BEERD 5 H>T DIE, 75 ADMHE, 7Y =7 NNEMRESICAFET DHE0
R ENTWA. 75— a V3EE 1 i x 125525 H, A7 Y=/ MR IEMBERICFEE L RWIEEOED 4 2 b
NTWDREBRICEBENICTE > TOBIEEHT 1 &R 6 74 o TWA. 7T 27— a yORWEE RT3+ 7Y

V. RECHRERT S AT O RIS & e R TR OB — D =7 MR 2 WA OEICEE S ORERE N 5.
B IZE>TOWDBAND D, TOHEE, RAKEBIEIFNA T
b DR A I O 2 WEIR & LCEE LCLEWEEOKRN 3. BER

%%Z‘fi“%ﬁxfu\za EFITE D K 5 72 PR 2R ki s 2 WRETENERICHED TH D 0THE Lz, I—RETIEOBRAT
FIZBW T KEOWMBICIERKRT /7T —varvEh5x% TR AOEE 05, TOMOEOSE 1.0 & Lz, %
ZLEREETHD. TDDT )T a yOREENEEE B — ZIIRERAFFE L [ U AMED btk ni=5—4 %
L7 B O TFIENR LI L STV 5. W, FET— 2 O ER 1IORT. 16T TIE YOLOV3
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DEIAFJEDEHZOFHAEIZ ImageNet [5] THEE L-EALE
A Uiz, IRETIEGFEERICHE CEAZPIMIE S Lz, 50
BIILHEBOELDOLDOFE 100 B & TR TCOELDFE
100 EI DA 200 [ET - 7=, YOLOV3 |3 H L 7= 68 = & 12fE
HEAHNTS. ZOEHEEN 03 U EThHrL0ERAL,
Z OR R & IEARFEIL & D IoU 3 03 LA ETh o7z & Skt
e LCHEEEEFEELFHE L. IoU D LEWEET /
T a VREBIZE S TWHIER LD bIEFICRE B
TWDET—E NN HEE L. £72, YOLOV3 O
BOREDO LEVEIZ03 L Lz, 7T/ 77— a DRV ES
WL CIX R CEREZITo 72

4. R

AR 2R 2 IORT . IREFIETIHEBEF S A DEELD
EEBIMLIZERL > TRS L LTS DB A
DB LR < 2o TV D, T DT ORRBMEIT AN A O FBLHR
IFERFEL Y bE<< 2, MERITME RoHENBH 5.
BRICR 2 OB A OIS LZE8 Y oMz R~ L
TV 5. BEBIEFA A Z RO IO R CIIRETIEIIMERT
BEHEART 1~4%IEEDRTFRALNS. ZIUTIEE OFE
TLICEAEG R LTHFEROI ="y F L IClx
DERDOMEDOFHBET VORI DN DT, O EE
ORI GBS NADOELNEE LIERTHDL LB X
5N5. B LB ROFZX 1, 21T, X1 EX21ER
UERIZKE U CIREFIE EERFIE TR LIZERTH L. R
PERRRIAE S, KA IEMEIREZ R LTV d. X 1 OIEMEREIR
DEIN & DR EO PIITE TR A & R URME R o 7o
A H Y, K 2123F OFEBE BRI ER RN 2D, T/
T— 3 Y ORWEESHRETE WD AEEEREW. A1,
FRRITRH L2 s8I ER CH 2 D OREGR & ERT O /10 T
THOVERHDLHEDOD, T )T — a UV RRERRT — X%t
T DRBEFIEORIEN R S LT,

5. FEH

BB, 7T/ TF—Ya VI RE LETF— 2 2 N
THAH Y FEET DL EICEENMET T2 R MbT
Wb, AKFETIRT )T —va v ORELEEEET LD
YOLOvV3 OEKREBICIHEFORBE = & 0EAZ N2 5 FiE%
RE U WIS A OEE & ik L CHEEE > T\ D
T EMBNTD, BRBEEICE W TS A D EL Z MO
JEBE O CFRIE L CEB AT oo R, 7/ 7 —v a vin&
NTORWEBEFAARBRHEN TS Z L 2R L. &4

%, IS EE CH AN OV T ERMOMREBLETH D,
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K1 FEHT— X OWERL

i e Train Validation Test
FEMAE A A 10,082 1,261 1,259
TR PEIF A3 A 7,758 970 969

1. A5 e 22,678 2,835 2,834

Fha 23,068 2,884 2,882

Z DA 4273 535 533

At 67,859 8,485 8,477

£2 BIMHR
PEHTFik RETFIE

155 HAEE  FEE O WAE  mEE
RGN VA 0. 90 0.85 0. 87 0.85
RIS A 0.84 0.81 0. 69 0.85
JiK=gicE 0.91 0. 90 0. 90 0. 87
SEha 0.92 0. 90 0. 90 0. 87
ZDih 0. 85 0.82 0. 81 0.79
&t 0. 90 0.88 0. 86 0.86

B 1 $RREFIEOB R X 2 EkFiEORHRTER
HET

ABFZEN B AR IR B BT JE 2 Ml B 4 & R AR FRATFJE B 58
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MR PRJ&FE FHERICEBIT 5 MR B&&AFHEZRAH L
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Study on the Effectiveness of Data Augmentation and Test Time Augmentation
Using the Feature of MR Images in MR Deep Learning-based Image Reconstruction
Shohei OUCHI'!*?, Satoshi ITO™
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BEE : ONN Z /= MR B OEEFE AR S CIBESN TV DR, o THEBZERMEE O FIETIE, BEFEOmGRAR
HrFik & CNN OFFERER SN TWD. Fox XL EME BT F15 0D eFREBAS Z8#i & CNN 20 L, 572 5 JEER 2 6
ek SN D BB D LS %, 7 —7 Z LIZHIEO CNN THEET 2 BT L0, @AM OECEREDm & Ko7, AR5
TlX eFREBAS MW R LM TH LB LRI L1z, S ORIEEYEELRET . MHEZE T HBREEG O I & EHE, —
BICIEEADEE D, F 2T, AV T /VOREEZFFOmE & M KEREg 4 035 2 & T, 8 FFIZ1E Data Augmentation %,
7 A FFIZIL Test Time Augmentation #1757z & & L AEDREHGON L FIELZEA L. BMEY I 2 b—ra VORBR, 7%
FHEOBANCLY, (ERIELV T —F 77 7 FOBREMGEN M EL, PSNR & SSIM 2 WHEIHELHZ LN TE .

X—U— R R, JEfity v Z K, eFREBAS Z#

1. [ZFL®HIZ Bohsd. AFETIE, ZORICEBRL, 4V PFLOMEE

MRI(Magnetic Resonance Imaging) O #ig 4 REfE O G L5 & EROBEGE, TORELYRELCEBEZFHTHZ T,

L CHEMit v v v 7 (Compressed Sensing : CS)[1][2]1% )& FEWEL T A MR T —F LR E T o712 & & LRIFEOZR

% IFHE(CS-MRD[BIRIER SN TV 5B, IT4ETIE CS DOEE RN D FIEERE L, eFREBAS-CNN (ZE A L CTHZIME
FHER%IZ CNN(convolutional neural network) %38 A L 72 CNN- Tl

CS[4]DAFZENIEIE TH V, CS-MRI % k[0 B PEREA AL &
NTW3S. LA L, CNN-CS TiZ MR EB D5 X Ik KT 2. eFREBAS-CNN
HZIVRLT —F 7 7 7 FOBREEES, Kb -#EEk 1) eFREBAS Z°#a

A OB R OB TMERITITEAR L L THEBORMMA H 5. eFREBAS Z#iiX, ANBEB (LB ALE O A XDH
Fxi, 2h o OFEOfFEI A HRY & LT eFREBAS-CNN % Gt (TG IR TE DX EMREMTFIETHD. &
TR L, FEREE O JAMIT K& THAE L72[5]. AFIE, Image lé;;'f‘;;gﬁ;” _ 2. eFREBAS-CNNIC&3EREMBR _ _ 3&2?&?@;?; ;

Domain Learning A CNN & %Eﬁ@{%gﬁ@*ﬁ?{ff B % 3DOCNNTEI - TEENTNEIBL
eFREBAS % #fi(enhanced Fresnel band-split transform)[6] % fil &

r_ o~ —
L7=FETHY, K1 D& 51T eFREBAS A TR S 417 . |i ﬁ “
W A D~ L FF ¢ > F LB CNN TR 5 2 & T i TS
T, FREOER S L S E T O FIETH S, ZHETO erREsAs m *
FEE O R, eFREBAS-CNN TIE Il & 47 o 7oL Tk & CNN3/Z
<, WEERMEBO 2 F TR R OELAHNES B 4] ﬁmﬁ ‘
TEWELMEZ R L b0, HIEEG L i 2 & - )

B I BN TR U CIE AR DGR L o T
JiE Z|
—BIC MR BG4 5 R CH Y, R i

oD EE & BT RICE & BB, Hferor o rl—-; ._

¥ieFREBAS
i

k9

EREROREPL AP REUIEHREH YD

e

—fEEBNENDERE T —x WZT D, HDVE, (LR
SEIHEAITIIEICE I OB A4 /iR L7z MR B3

EERE

1. eFREBAS-CNN & S & SO s O A2
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PITEBIC L > TT AN E AR 7 BERENTEY, BERGO
T HERONE &5 525 (k-space) DOFEIRIZ 1T 5HEBIFRA &
%. AW TIX, eFREBAS ZHOREAMAZRET 537 A —
A& JICHEL, 2oV THBE AR L.

2) eFREBAS-CNN

eFREBAS-CNN T, 77— 4B MBI XICLvPrvikL
T—F 777 "RRELEPa T 0 VR D eFREBAS 22
M ECoRfE%E CNN T¥ET 5. & 7 HERIZ R 5 JEE K
WikA G570, Ba v o VEERGOY TEBIZIE, T
FHEEDOWIERCT —F 7 7 7 bOBEBITKEOZENTFET 5.
ZIZT, IOV TR EEEDREESITIS LT3 7 r—7
WHEIL, ZNENE Lee HIRED UNet[7]1ZHAR LT 53D
@ CNN THHERT 2 Z & T, HHROEIBREICS U EgiE
JEEAITo 72, UNetld, &7V —7F 0OV 7 WG OIS LT
VNFF X RNV DO AN EFRFOL KB LTS,
3) M RERE 5 O OF
AMFETITFEE ET A FOBEIZ, K1 O X HIZHHE MR H
R OEER &R ERE NIV OBREE & SR L7z B & AR LT, A
U TN OREEZ RO & ORI 2 FIEEAEA L. 24U
L0, FERFIITEBEED 5T % 728 Data Augmentation
LREOMFE, T A MERCIEA Y UL OB O RS &
VEPE & R U 7o AR O 2 Kb & Befé i 72 FERE A% 2 A2 ik
T & 5728 Test Time Augmentation & [RIZE DO E N T 5.

3. BB SaL—Y 3y

1) FEBIOT X Mg

XY ) VAT 4 BN AT AR MR TR S L7
HHEETeHEE MR B 23 I3 EHA L. oo bh, 1224
EEEA, 61 KETAMHE LTS,
2) FEEMN

eFREBAS-CNN %, MATLAB & MatConvNet[8]% i L T
300 TR v 7 OB EIT T2, £z, AR TIHNERTEN
20, 30, 40% & 72 BN F — U ERAWTE BRI AT E{T o 7.
3) PR S 2L — g LR L
MEIEICLZEEE 30% COHERGBEER 2 12, #EFE
2 & D B O ) PSNR &3 | 1R B RS O f)f
F72 L eFREBAS-CNN T, /Miffsro =y b7 A %
(LA 2R REIE TR D T —F 7 7 7 FOIRAER R BT,
FEEE BRI OOFIZ L 0, FRERUE S LV ik L7z, Zh
X, BERE IR O ORI X 0 BB L2 2 b, REE
JCHE &0 D BT e RS AN S dz Z & C ONN 3Bk B A s
PR TOANME LTI EREREEZD. LD, 1#
FE IR OB ITESE MR B{RICE A o5 IEA AR
BRFIETHY, TOFMEN RSN,
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100[%]

§ ;‘:é '--"-". i
2. 55 ® 30%IZ L HHMHRG @77 —41%, MEr7 L
#5514, ()eFREBAS-CNN JififE [K#xfF 72 L, (d)eFREBAS-
CNN FEEMEH & D

# 1. BEERIC L 5 R4 0% PNSR

PSNR[dB] 20% 30% 40%
EE R L 27.63 29.78 31.09
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WGI (2 X % ¥Zr BTN T 909keV 227 k2 A A—V 0 73 PET OZER 53 fERE
Z iz 5wl e
& SEEY, A AIKRY, #F ET, B B4R,
s\, EAs R, s /ET
TR RHE BRI B R
7OTERE
Potential of 909 keV Compton imaging beyond PET spatial resolution for *Zr measurement with
Whole Gamma Imaging
Hideaki TASHIMA™', Sodai TAKYU"', Fumihiko NISHIKIDO", Mikio SUGA™,
Go AKAMATSU"!, Miwako TAKAHASHI'!, Taiga YAMAYA™
*! National Institutes for Quantum Science and Technology
*2 Chiba University

EE : PET I3B5E TR & A ERENIC L » CHEMMICZEMOMENHIR SN D, —J7, avr 7 hrA A= 73z nsofliEz
ZUF R, ABFZETIE, WGI(Whole Gamma Imaging) (2% 227 b iAf A— 0 778 PET DZERISMRRE A 2 DAL D WREM: & 18
FETAEwIcEy T AR Y ab—Ya v EERLUEZ. BRMIZIE, PET Y > 2 (LGSO, E&EF 20mm, E 320mm, B &L
1.5X 1.5X6.67mm?) [ZHGELB R Y > 7 (Si, E&F 20mm, EE 86mm, B Z /L 025X0.25X0.5mm?, T 3/LX—/3fRfe
0.3%@511keV) AHHFAZ 7z WGI % Geantd TET /UL LTz, BEET & 90%eV D> > NV o~ fE WG 5 ¥Zr # FH L
TeofFRERMmA e v R7 7 v b &k, LR OHICENTZGEENENOWE LR L. = rL¥—7 1 RUIZX Y, PET
AR BETY, 909keV DT R Ay MEMBL, ZRFENY A FE— K OSEM IEIZ LV AR 1T o72. ZOREE, F
DMZEWZHAIZIE PET XY Imm 2 v ROSMERCCAEATH - 72208, MCEWZHAITIX PET XV IS5 2 &0 T
X7, WGLIZBWTar7F b A=Y 7N PET L0 EWZEMSREER 15 D D Al REME I VR S vz,

F—U—F:arF A A=, PET, ¥Zr, ZEMI4ARE

1. [FCHIZ LRV WGLIZEBWT, av 7 b A=V 7
WGI (Whole Gamma Imaging) 1%, Positron Emission Tomography PET OZEMIDMREEZB I ONDEINY I 2 b—a VIZX 0k
(PET) @V > Z7AIZ, #lLtEY > 7 2 AL, PET &= L7z

VRN A A=V T EAAREDE DI LT, R RER 2T
DH <A A= TICRAT2HcDa v FTH 2. Bik

5[], BAIFZINETIS, Yo FL—FFEMEHNTHEL Si BELRHZR Y v 7L LGSO v o F L —F ORI HER Y
TREH T ¥Zr B E~ D 2 ZE L, PET (218 5 22/ fifke VTR LIE WGl 2T ey I al— g DY —
23909 keV H o~ ar 7 hoA A= 7 (LUF 909keV

AT RN ESTHLND Z & &R LEZ2]. AFFFETIT, LGSO Rt d2s (PETU> ) 164 mm

PET 0725 fRBEIC o8 T-HRAR & £ HEAR B I 5 BHARAO 22 R @@@§§@® SESSE S
R3] BbB—HT, av7 b A A=V FEINEDE D (3

M5 % F 4, PET DZMIMRIE LB % DD RN $ 5 = & g siEEsRE D 198 mm

CHH LT, Sv T koA A—Dv 7T, BRHA <2 b ﬂ%p .‘. % i s (8
IR Z 2 7 kv a— 2 LIRS M SR FICHET % m B 0 Il | BRERE
S LATE, ZOEAILMELRIE CORLME, 108 % S aﬂyy —_— 3
S 35 D R S 8 58 2 AR, S TE 1 R L — ) > Vi '
MEREBHASE LD, Z LT, avTF hod ATy ®® stmm 16 mm
DZER S RREIE, BHIER A ZOMIT, =R LF—4FFEe N ®@§§@@@ EEEEEE T
v T =T u— N= 7 OREEZT, M#EZRET LEREOR EFmE {HIE

WS CThHAESREIC L VIRE S, 4ME, =X —5R

BEICER, Ry FI—Tn— R 7 OEBOLRD S| 2H% LET/ELIZ WL O P A A B
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NF¥y N THD Geantd IZL > TET ML (®1). &
N A 0T Si BELBRHEE2Y 0.25X0.25X0.5mm? (B 7 E %K
96X96 X40), LGSO WU HHFR2S 1.5X1.5X6.67Tmm* (£ &
16 X16X3) & L. Si DT RLX—4fFREIL, =R/
—{KTE L L, 0k [4] oFeTAE2 RV Bl ZE S11keV Tl
03%& 7%, F£72, 909keV D H L~ H AR 5 4 FE 4y
fRAEITEIR T 1.5° Th o 7=, LIRS D 7=, 89Zr %
FH L7z v RYA X824, 20, 1.7, 1.4, 1.0, 0.8mm OF
LY 7 7 v b A EREROICEWZESEA L, I 20mm
DA77y M52 EEEOWELZY IaLr—a Lt &
DR, BT RBOMBELEIET 570, FHED = L ¥ —
L LT 39%6keV AT HGETICEZXT. 77 v M AOKEH
BEIZEF IMBq, BIERERIZ 10 0 & L7z, LT, RRFFHA
NP LT, ZRXAX—T 0 NUERBEHT L& T,
909keV 2 kA N N (BUELR HIER 30-300keV, WRASR HY
2% 820-100keV) &, PET A X b (400-600keV) % Zi i
L7z, 7228, 51lkeV a7 b ANy hbilHL, <7 &
MBI NANRY FERIESkeV 227 b A X2 N RFE]
B ENTHWEEAES PET A X b LTHIHLZ., 2L
T, PET ML 909%keV 2> 7 F UEgZZNEN3DY A |k
<& — K Ordered Subset Expectation Maximization ¥ [2] (2L > T
R L. 78y M ULS, KEREIIND T 7 F LD
BIEIC &0 EROICKEHEILL, 20T g A=Y 7 O5E
20 [d], PET ®A 10EE Lz, EEFHMiE LT, Imm 2 v K
DE—7 N —a i Lz,

3. fBR

2 ICHERERRE, M3 lmm 2y RO a7 7 A V&R
J. T RTOMEBRT Imm 2 > RISz, 728, PET
AR RDO L, SiEMRHIREFATE L DX 20% T, £D 5

HD93%ILS1keV 2 T R AR FEEAE LD TH-T-.

FLIEZH3IDODTa 7 7 A NMIBITFTDHE =T N —bERT. (R
B RLOBAIZIE PET OFNEVEEZ /R LS, 7%y b
20mm @D 909keV 2 7 b UMb EVME L 72 o7z,

4. FEO

PET TiX ¥Zr 7> b SN D GE T IR & A TRE D%
25, Imm Ovy FEMEIZLOTRBESMHT L Z
LWNTE=, —HT, 909%eV a7 bidk, HEFRLEY §
ZF 7 v b 20mm T, BEWRHEHTIE-ST 7255 & 0 RISy
fRCET-. F12, ZOHOEY—27 L —HIT PET £V &<
ol LoT, BELBHEFWEE TIX PET L9 &
e FRBE 2 15 DAL D AIREME S R S 7.
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ATt b20mm BB ()

909keVI> T k>

SRS N 4.4 M
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7.8M 7.8 M

B 2. FHERER. BFERr Yy FY A X (mm). REDHRIT

D= DT a7 7 A4 LB E T

ATt Y b20mm REFPD
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v 0.6 §0.6
204 :9 0.4
0.2 0.2
0 0
01234567 891011 01234567 891011
Position (mm) Position (mm)
3. 2 DRHTRLULIEB EOT a7 7 A /VEER.
#1. =7 v —lk
& 909keVI> T > PET
ZT1w k20 mm 1.48 1.44
REFPIL 1.37 1.42

ARFFE 1L ISPS BHiFE: 20H05667, 20K12683 DBk % 1) 7=
HLOTT.
FEEROF
ARFGED—EBIZ, A E LFHAEL = LA [ O AF FE B Al & 15
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Deep Image Prior Z iV 7= SPECT EZHHERICK T D EM-TV 7 v Y X LDKRR

KR BER, AR fsen,

RS, RS fEE, ik T, 8RR
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EM-TV Algorithm for SPECT Image Reconstruction by Using Deep Image Prior
Akito YABE"!, Keisuke MATSUBARA™, Kazuhiro KOSHINO™, Hiroshi WATABE™, Tetsuya YUASA™,
Tsutomu ZENIYA™
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BER: BRx0 /N —7TIHEMBEE SPECT HEEZFFE LTI, +0740 0 vy MBRBLRNWESR,

BEEPHLLTLES.

FxIFRIPEBARET, ¥ —F v MEBROATHBZEILTE S DIP(Deep Image Prion) ZFIH T2 Z & THIECEICRKE L.

AWFZE IR A B FEE B L C, DIP APFRITMNZ T,
T X LE AR IEERE L.

h—=ZnNN) z— gy (TV) ZEANMETEE L CHAIAATS EM-TV
M7 7 ARV I 21— 3 VEBRAZITV, DIP E TV fE, TV OZ%, DIP

DFx, DIPH TVA CHEML L-MmiE % i, 240 PSNR(AB)IT 32.09, 40.77, 41.64, 41.72, SSIM % 0.8590, 0.9390, 0.9462,
0.9467 £ DIP & TV OfAEDENR S Bho7-. £7-, FUF—F I X 5EHAEL S, DIPA TV AIZL > T/ A Z0MERE
N, 772 FAOBENERIZ/ o7, DIP & EM-TV (2 XL % SPECT Bifg D BBtk B 1R S NT-.

% —U — K : SPECT, Deep Image Prior, EM-TV

L IZC&HIZ

SPECT(Single Photon Emission Computed Tomography) #%& 1%,
H ANBER I SR AE L 7o O SR D i S d T o~ A i
U RN O3RN D 4346 & it b2 2 & T AROBEED At L
TED. Fx DT N—TTIE, MBI 3.5 mm FLE O =4
JE> SPECT #:EZBA¥ LTIV, @D SPECT 2@ LV b
R TEA O ZRe a5 0 2 LN TEH[1]. L,
RGP REBIENME L, +aR vy FRED
NG, EgALIELTLES. BFET 4 —T T —=v
7 ERWEHBERD ) A XBREOWIE AT Z R bi
T W 5[2]. % ® ¥ T DIP(Deep Image Prior) & 9
CNN(Convolutional Neural Network) % AN =BG ALEREER 5 .
DIP [X D IRy & ) A Ry OFE DR S D%
FIALTHEBED ) A XRENRTE, Xy T —27 OFFIEY
RRKEOT — 2y BMBERNENWIFERHH[3]. Fx
1% DIP ZWT, /A XS DL WEBRD ) A AFREZITV,
FfEG 5 SPECT B O BB USRI L7z, F7z, Eifit
ST DOE DT, =&Y —3 5 2 (Total Variation :
TV) & ML-EM(Maximum Likelihood Expectation Maximization)i£
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ZHAE DT EM-TV 7 L3 Y XA &V ) B ERERER S
D, Ty TPORFE A AMHIODNRD B H[4]. AIFETIT,
Efiif4 & SPECT OEIE O LD 7=, DIPALELZ N EM-TV
T Y XA E TR ERE L.

2. ik

1) Deep Image Prior

2=y NEgEx,, ANNELTH25 /A4 XEiB%Ez, *
v RNT =T DNRTGA—=H %0, —a—TFNLFy NT—T&fyk
T5E, UTORANL Ry NT—INRTA—FEHHT5H.

0" = arg;ninE(fe(Z):xo) (1)

2 ZABBEIE Y —5 Y Mg & I EiR O MSE(E R
FE3%, Mean Square Error)Z IV T 5., ZOF v T —7 17,
JA XS L0 L, BRI E 2R oE G R EIxENh
5728, JA XK BEILENDHANI/NT A —F OFF % 1k
DHIET, JARXREETHIZENTXS.

2) EM-TV i

EM-TV {£Z EM 7V 3 Y XL %4179 EM step & TV IEHHE
1T TVstep ZRAGDOET-FIETHY, ET VTV XLk
FAGDED Z & THERABRESGED Z LN TESD. TV /L



LTHEFEMAE T D &

%)2 + (%)2 dxdydz

v = I J(2) @

LRTENTEX, EM 7L T Y XL THE LTZMUIKT 5
TV / NV AO BB TR a% VT, EM step, TV step D
IMERIEZRD D Z & THBKER AL ZENTED.
3)SPECT B4 FA# -~ D bt

SPECT OEFT — X %X —7 v NEifgL LT, 1 HEEIC
DIP 4LEE % 1T 5. DIP @ optimizer |21 SGD % {3 5. DIP
AVER U - iR, EM-TV B2 AWV CligEE R+ 5.
3. ER
HY¥Ialb—arFER

M7 7 v b LOEE T 7 v b AERERVE[6]. BiE T 7
Y MNAEGND T RS T AERWT, 180 FRINDL DR T
— X &ML, WE /A XML, ZoBRET— 25X
—/4 >y MHEfR & LT, DIP DWULEL% epoch £ 2000 TYT\>, DIP
DA LT T— 4 % EM-TV {£ T iteration=50 TH{ZH
R ATV, RAREGR £ O, (ERk S 7z i A Ei {5 & %
fli 7 7 > b & & @ PSNR(Peak Signal-to-Noise Ratio),
SSIM(Structural Similarity) Dl % FH5 L, BE % 346 L 7.
2) SERT — X2 &L B At 5

EfRE SPECT 25{E CT/NT LV —va ) A—H 2R L,

447 MBq @ Te-99m ¥&i T 7z SN T- WM 7 7 > b b &Rt
LESNT-HZEY A X 0.81 mmX¥0.81 mm, ML 256 X 256,
180 DT — X W=, ZORET — X Wi E X —
7 NEifg L LT DIP OB EITY, DIP OB EFT - 7= f%
57 — X % EM-TV {% T iteration & 50 CHAER L, WHFEI A X
0.81 mm X0.81 mmX0.81 mm, [HEFEE 256 X 256 X 256 O
RS A VR L bkl U 7.
4. %R
DY 32— a 3R

1 TR RS E BE T 7 > A& D PSNR, SSIM %R
LTW5. #1556 DIP & EM-TV & W 7= SR B2 5 b
PSNR, SSIM D23 b L7-. 1 IZJF#i#%, DIP i EM-TV
MWD FAERLHY, EM-TV LFLO O FEREKES, DIP AFLD

HOFEAER I, DIP & EM-TV QLER % U 7= FAE ki 2 <1,

17255 DIP & EM-TV & AW A X R B o= » %

REFLDOD, /A XZMHILTND T EPERTET.
# 1 FEAERE 2O PSNR & SSIM
DIP 4% DIP 4% DIP & DIP &
EM-TV# | EM-TVA | EM-TV# | EM-TVA
PSNR[dB] 32.09 40.77 41.64 41.72
SSIM 0.8590 0.9390 0.9462 0.9467
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(e

1 FRERREE O (a)KEE (b)) 72 L (c)EM-TV 4L
H(a = 4.9) (d)DIP ZLF (e)DIP + EM-TV fLH (o = 0.28)
2) FWT —Z 1T X B FHAMh FE R

%] 2 |Z DIP it EM-TV D FHAEHE{, EM-TV LD LD
FRRERCEIG:, DIP AU D Z O PRI, DIP & EM-TV AL
Z U7 FE R 279, X 2255 DIP & EM-TV (Z & 0 #i&
DEEIC R Y, A A0 &z,

(@) (b) (0 (d)

2 ERT — ¥ OFE AR (a)LH 72 L(b)EM-TV AL (a =
4.9) (c)DIP #LFE (d)DIP+EM-TV {1 (e = 0.28)
5.%5&0

ARFIETIE, /A X0 &
& EM-TV A6 bY e FiEz Ml Lz,
DIP & EM-TV {E &G o/ 7o FiEIL PSNR,
R SR TH D Z E RS o T
ARFFEIL ISPS BHFE: JP17H04116 DBk % % ) CTEfii S i-.

FBHEROHE
L

EE DM EICHEHATHD DIP
EERIC X
SSIM, fARHY

X M
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*OGLATREE REFBCEL TEMER 7 IR RS R T2t E Rt
U AHBRE REREFSRIIZER R R B ERE TR v 2 —
P RTINS IEREAE W B SR ST R T
Image improvement of X-ray fluorescence computed tomography by dual-energy scatter correction and highly
sensitive multiple pinholes
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BE : a3t v bEYE AW CAERERRBRORGZ e L 35 B LR —/VEOL X M CT EE ORI EZ LT 503,
WEARPLOBGELMOBBIC L VEgR I T 2 MBMMEL 2D, £, YAV R—VIRENMEW - ORE /4 XKk EL
72 5 ABFSETIE dual energy BUELIMITIETE & SBRE~ LT VU R — NV EHAE DR LOWFEIC L o T, 26 XM CT B o=
FNZ A K/ ARt (CNR) OBEZ R, BEHEEE X AEFIH LWL 7 o b AEBRORER, FERERO CNR (THRE
0.3mg/ml DI THIZT, T Z N LR—/b - HERHIESE LI, HEWHIEIC XY 1172, = FErR—kic kv 34
52, WA T 22 fFlcdiE & 72, dual energy BUELAMBIEIL &~ LT B U R — /L OMFEDRICL Y EE N K E < EZES N
XF—U—F:®EXBCT, Erh—nal A—42, Bl

1. [ZLBHIC STERIEDBHEEND. N7 BANLRE LS 0IE AN X
B TS X MR L7 FrE OB bR T D8t %E PRI TREL 72 57 [N AL S AV D & v R — v 2@ Y g
FIF L7880t X CT 2B LT 72[1]. #006 X M CT 134 ThEn, RERBRT—X %55 (K1), KR TE, &=
RN OMERFFEMBE 2RI T, #02 T3 2 WHE L ISR LR NI TEREAE PF-AR O B — A7 A > AR-NE7A |
#l& LTHIHT D & positron emission tomography (PET)X> single HOE XM CT VAT LA L, IS EHa X #2 & FIH L.
photon emission computed tomography (SPECT) & [l O HE M 5 AXR v

DHUHRRN e R 2 A PIBONS. LL, HE5E,D 35 mr;{-ﬁ“’*’ =y
DBEMNE K > THEHAERBER D/ Y 7 75 0 R TR : mmI ] ‘*‘;
NIHAL, BEOH{LT S, Sasaya HIXV VB HR—/La
U A—% %AWzt X B CT 128 T dual energy BUELERH o n — ; ERAIBEST / 25.9 mm
EEEFREL, BEZUWESER2]. £2 T, vV FEVR— =7u ;T—a Oc/o o
Na ) A= 2R L CEEELS AL X B CTBICR s f'; -
52 L TEARDEESRENS TR TRV E BT ks,
AMFSEIL, dual energy BUCELBRAHIEILE &2 < LT © LR — a0
X R CT IS S, v v 7L - fHIEME L TOMMEREG & 1 wAFELHR—AEE X CT VAT A

B35 LT, BEOWHELHET 2 EANETD. )
BT — 2 1L D ordered subsets expectation

2. Bk maximization (OS-EM) YKLl FRAERKTE CHERC S D.
’ 03
1) wAF By AL X i CT poen _ Y Picij - )
] X .. k
LRI X AR SB L, LRI X AR Lies, i 5 T)lq
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2T IIHEREEOBLESA<j<N), i It
DELESFA SIS M), ¢ 1L j 5 Eﬁ&tﬂéﬂf_ﬁ/vﬁ

DRSO SRR, p i 3EHNIC K IS RE T — 4,

V ISR, k3R LEE, S, 37y FTHS.

2) Dual energy HUELARAIE
TR Rk OB R 2 NE, s oEEz2zMEE T 5.
pf.cli . ANTH FAOKREERICAS T2 26 75 A5
L35 &7, b E ORATE X K WUE= L F—DHE
FAB) - ETBLZXMNT 26D THD. (n+ 1)@9@%%}? Iz
B 5 j & B OBEHMEOHEN v Dk L0 B H ORI
A%Téﬁﬂt?@ﬁﬁmﬁf“”iuT@io 272 %.

(n) M
(n+1) _ Yj )
Y ZM(CAB + CBL i Pij @)
AB_ (n) BL,,(n)
( P _ €ij (vj) - Cij v )
] ) (n) (n)
B ey + o i +of

o
o*D =% B

B(n) pl pz
i Z;V {;B Fn)+a() Z;V 5L (n)+0(n)

¥, W, BELRES O, t/ﬂ'_ll/f& IEEL
etk WOHRIKED. EEILHRO K RIEOHE - BT
FNX—T 2 FEOBET — 2 25T, (3)ﬁ%‘:ﬂﬁﬁbf%ﬁzﬁ
FRAIE S TR E R 3 S B 5.

3. IRIGEER

AERTIE 2 17T XD ICERE 2 mm ORE 6 SRR
E£E 10 mm @ PMMA H % L,Y%E@E:—foﬁé ERyE N el
2L 7o P A ERGARE Lz, K R OE o 33.3
keV &E T 324 keV DT R/LX—T 2 FEOFR L E{G T —
B afgic. Vo TNV B IO~ AT B R— VDR E T — &

ZHEMHERE L &, A Y OBGERERIEZ W CEBR L.

ayEAR (BUEEE[Mmg/mI])

0.3
10 mm| 0.25 0.05

PMMA

2 WHEMFET 7 > b AOREE

a7 AR /A X (CNR) CHE % 2T L 7=,
_ mg —my
CNR = Y 3)

Mg, My, oy LIS HAIER O BREO T, Ny s 75y Nk
DOEBEDIFY), Ny 27 750 ROBEBHEOEEFETH L.

4. BER

X 3K LB IT HMEL T 7 o b AOTHEREIR &R T,

R D 7= I @)XKEHAWTa vREED 03,02, 0.1
mg/ml #5370 CNR Z#5H L7z (K 4). 0.3 mg/ml 2 U ERE
FEIECIE, Y A LR —L s BRI E 7 LT T =L
F AT 3445 CNR A L LTS Z &R MERTE
7=, F77, BEWREIC E 0 11 Fm b L2 mAT 5
z J: ’C,n"] 22 fEbdEI Nz,

(a) (b) (©) (d)
3 FERERRmEif
(@) o 7 - BEBMIEZR L (b) /A F « HERMIER L

(c) o7 v - WEMHIED D

100

(D=7« HELRHIED Y

80

025 60
o
40
20
0 —. — —_—
0.3 0.2 0.1
3 U REIREE [ng/ml]
ny U FHIEZR L LT fERL
TN HIEDH Y < /NVTF - EDHY
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Development of SAKAS (SAga light source data KArte System
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#1 SAKAS D Tag 77 A VODIEHE (AxF—%) —&
[SECTION | Param | Format |
Name string Method string
Part string Pro_Number Integer
Splle | Sbis string Method  Pro_angle Integer
Vi Str!ng Step_Mode Integer
Wemo strfng FS_Numer Integer
Date string
Time S File_Name string
SR_Facility string Width integer
BL_Cond Energy Float Height integer
Mono Float Image_Number integer
TC1W Float Format integer
Proc_1
TC1H float BK_Interval Float
Name string BK1_File_Name  float
Mag Float BK2_File_Name  string
£ Fltozit BK_Image_Num. Float
Camera_Width Integer i lere, Wom, | Flosi
Camera_Height Integer
Image_Width Integer Usitinos
Image_Height Integer File_Name string
Image_Offset X  Integer P Wi‘.ﬂh ?meger
- Height integer
Image_Number integer
Format integer
BK_Interval Float
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A reconstruction method for binary limited-data tomography using
a dictionary-based sparse shape recovery
Haytham A. Ali*t, Katsuya Fujii” and Hiroyuki Kudo®
* Information and Systems, University of Tsukuba, Tsukuba, Ibaraki 305-8573, Japan
'Department of Mathematics, Faculty of Science, Sohag University, Sohag 82524, Egypt

Abstract : Binary tomography is concerned with reconstructing a binary image from a very small number or other limited CT projection data.
This problem itself not only possesses several medical imaging applications but also can be considered a model of general inverse problems to
recover the object shape from limited measured data. Several approaches such as the Mumford-Shah method and various level-set methods
have been investigated, but most of them lead to a non-convex optimization due to the difficulty to handle the binary constraint. We propose a
new method based on a convex optimization inspired by dictionary-based shape recovery. In the proposed method, the object boundary of the
binary image is represented by a level set of linear combinations of basis vectors in the dictionary. Using the dictionary, the object boundary is
reconstructed by finding weights of the linear combination that best match the measured data. We create the dictionary by using the Gaussian
radial basis function (GRBF). More concretely, we use Gaussian functions as a basis function placed at sparse grid points to represent the
parametric level-set function and provide more flexibility in the binary representation of the reconstructed image. The simulation results of CT
image reconstruction from only four projection data demonstrate that the proposed method can recover the object boundary more accurately
compared with other competitive methods. The significance of our approach is the formulation with a tractable convex program while keeping
moderate mathematical rigorousness.

Keywords: Binary tomography; Parametric level-set method; Shape recovery; Convex optimization.

1. Introduction min f(u) = |[Au — b||3 + L(u) , )

Tomography imaging is known as a method for displaying where L(u) is the regularization term. Based on the properties of
precise details inside the scanned object, i.e., it visualizes the the problem we can choose L. This regularization term is used to
internal structures of objects and thus has a wide range of enforce smoothness and boundedness of u. In our proposed the
applications such as medicine, science, industry, and electron number of parameters involved in the problem is very small. As a
tomography [1-3]. In all these applications that deal with result, the underdetermined problem can be made overdetermined,
reconstructing images from a given set of projection data, it is and the problem becomes better posed. According to this the
highly desirable to decrease the number of rays penetrating parametrization idea is empirically found to be well-posed enough
through the unknown object. Mathematically, this object can be that no necessary regularization terms need to be added to the cost
represented as a function with a domain that can be discrete or function. So, Eq. (2) can be written as
continuous. Discrete Tomography (DT) deals with reconstructing min f(u) = |[Au —b||3 , 3
discrete images consisting of a few different materials by using a This optimization problem (3) will solve by using a Newton like
limited number of projections. Recently, Batenburg and Sijbers algorithm [4] as
have developed an algorithm called Discrete Algebraic U1 = U — LIV F (wy),

Reconstruction Technique (DART) for DT, which provides high- where 1, denotes the step-size parameter, 7, denotes an
quality reconstructions [3]. Even though this technique has its approximation of the Hessian matrix of f calculated at u = u,
advantages, it requires more computation time, which limits its use and V£ (uy) is the gradient of f at u.

in practical applications. 3 Level-set methods

2. Problem Formulation By using the parametric level-set function f(x,a), we can

For binary image reconstruction, we can use the following express the image u as [5]

u(x, @) = un () H(F (6, 0) + e () (1= H(f(,@)), ()

where « is the parameter of the level set function, H is the

linear system of equations
b = Au, @)

where 4 € RM*VN js the measurement matrix, b € RM is a . .
Heaviside function.

measurement and the image u € RV, . ) .
ge u The evolution of the level set function f is performed through

To solve (1), we used a regularized least-squares problem .
@) g q P updating the unknown parameter ¢ . As a result, the level-set
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function f(x) can be represented parametrically by using set of
basis functions and unknown weights as follows:

(a)FBP b)TV (c)Our method
Fig. 5. Reconstructed images for real data from only 8 projection

fro=Y @ ®)

where p = [yy, Uy, ..., Uy,] denotes our dictionary or basis vector

of basis functions. Here, we used the GRBF as a basis function
data uniformly distributed over the angular range [0, 7).

Q@

(a)FBP (b)TV (c)Our method
Fig. 6. Reconstructed image for the real data in the limited-

and it is expressed as

() = exp(=Bllx — x;11)?, (6)

where g = (V2 a)_l, o is the width of Gaussian, x; is the center
of GRBF, and ||-]| is the Euclidean norm.

4. Experimental results

To prove the efficacy and superiority of the proposed method in

image reconstruction, we present experimental results for image

L. . - . angle case, where the angular range was limited to [0,7/2).
reconstruction in sparse-view CT and limited-angle CT by using g 9 g [0,7/2)

synthetic images and real X-ray CT projection data of a carved Conclusions
cheese slice [6]. In this work, we proposed a new approach using a parametric
level-set method for binary image reconstruction. We represent
A " the object shape by using a level-set function, which in turn is
+ represented using a linear combinations of basis vectors in the
dictionary. Furthermore, the problem to be solved for image
Fig. 1. These two synthetic images are used to evaluate the reconstruction becomes a tractable convex optimization.
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distributed over the angular range [0, m) compared to the other

Fig. 3. Reconstructed images in the limited-angle CT case.

Fig. 4. Sinogram and a reconstructed image of the real data.

with 180 angles over the angular range [0,2m).
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Performance Prediction of Whole Gamma Imaging Prototype by Simulation
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iRk % U7z, ZOfER, 1%k & i U CAENRAE L IRERM L, BWEM LICXVER 3 mm Ory RAHBITE5Z L %27k
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1. EFC®HIZ PERETF M AT~ 7.
7R AR R bR R T3 positron emission tomography
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imaging (WGDD B ##» TV 5. PET IXENICEREG Shiz ) ¥Yalb—varyIFARY
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eI 23K 78 B oD 87r 13, FLBAORER] &2 B4 5 HUA RS

Front view Side view
WCEH LA A=Y 2@ LT PET EEO—2 L LTHb =

A Front view  Side view
NTWD. LAL, BEFRIICER 45282 <S5 660 mm
909keV D > FIVTF L~ ARAS, FERD P¥Zr-PET CTILEEIK T 1.84 - £320 mm
DER LR S>TND[2]. WGl TEZ DV I AT ~iHib 2 - . Qsemm
VTR AT ZIC L0 ERITE B, B F A =i |
W25 0HR LT, MEZOLOOM ELHFTX B3] Zh 105 mm -
F TR M0 WG OBI% 217> T& . AR TR ===
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F1 WG4 VA ARYDERNRTA—H

IR
LI AR Kt
FM HR-GAGG LGSO
T RLF
— oy iR 4.6 % 13.7%
@511 keV
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2) LT

BRI = 7 b oA R M REBREORERE 2T
oA Ny bR LRETRO GO TE > T2 b D %
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+7 %> & 8
R EAYA X [mmd] 1.0X1.0X1.0
Radius : 40

FOV [mm
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TOHBIZ THLBEZTHTE D EEIOBF RS KD LT
5. FEO B BRBETHREINRT AT 7 2 L 5 EM M
WERSHEa T Y OB RN TaRy harT A b
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TERDoT2. £, BT —Z BT ANEKR L, B s
N7 HIBRGEIR S, CAM[71% X 3 1Z/RT. K 3bIZRWT, £F
JVITFEE v OfEE & R R G RO 2 B L. X 3(c)
IZBWT, EEORBSIAZ 8T CAM X, 1R O @
BRI REDO O & D TH DG ~DO R E ER L. £72,
AR DILF~DF AR TE D,
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X2 ZEHihH. $590 epoch 3K, %’ﬁéﬁmﬁ)%%%@ﬁ_
FRIET — &, RBBRIET — X RT3,

g .
K *
@AH1 D L7 S (OEMERE D CAM

B3 ETANKRHLHEERE CAM. (b), ©iZANO0,
BB A TR, BRSTRAOEETT.
4. BHYIC
ARFIEIE D EMaZ iR % BB CHOET A 72 0I1C, HifiZ L
THIE 2B L, ST L ONEECAER S 2 85~ v
7 T R B B A R L7z
FfEREIE OB IC W, K 3(b)k Y, RPCA Dbz
W= Zifi7e L oMl fEsR B IT A2 ThH L EEZX LS.
AR EGRORANC BN T, BEFEFTPL L R0 o 7. B
K& LT, MBI RO REL R L, @nlE2FIHT
XTHREER S D ADRET VR OBRFDEELLE LTH
ZH5.
EE
AWFFEi% ISPS BHiFE TP19H04177, TP20K10163 DBk % %%
FTTWEST. KFARTERRFZHREMAFELZES

N020190513 DA ZHTWET.
FImBRDOEE
L
X #k

(1] JEAETH 8. AN nERESERE (4978 KRB Bt a HMa e, 2022.

[2] AfGis 5, FHimrl, BREE. M2 IC X2 NS AORMBW (#
). HAIZETE s sE, 25(3):54-71, 2013.

[3] Candés, Emmanuel J., Xiaodong Li, Yi Ma, and John Wright. "Robust
principal component analysis?" Journal of the ACM (JACM) 58, no. 3 (2011):
1-37.

[4] Han, Y. and Ye, J. C.: Framing U-Net via deep convolutional framelets:
Application to sparse-view CT, IEEE transactions on medical imaging, Vol.
37, No. 6, pp. 1418-1429 (2018).

[5] OB —. Dl OBLR. SR, 117(2):87-92, 2017,

[6] Kingma, D. P. and Ba, J.: Adam: A Method for Stochastic Optimization, 3rd
International Conference on Learning Representations, ICLR 2015, San
Diego, CA, USA, May 7-9, 2015, Conference Track Proceedings (Bengio, Y.
and LeCun, Y., eds.) (2015).

[7] Zhou, Bolei, et al. "Learning deep features for discriminative localization."
Proceedings of the IEEE conference on computer vision and pattern
recognition. 2016.
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Automatic Classification of Urinary Cells Using Convolutional Neural Networks

Pre-trained on Lung Cells.
Ayano MICHIBA™!, Atsushi TERAMOTO™, Yuka KIRIYAMA™
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BEE AL SR OEARNE LW T, Mgzl o B b3 B EIESR O 2 LI EOREXIISE TE H DTV ELARARE TH L. Tex T,
PART &L 0 K SCEEAMRIREICERE L 72 ifsfiia 2 vV C RIEEERI O BEk 4 BIE L C& /2. AU CI3Mifiin c5Y Lz BHidsh=
2a—F Ny MU —7 &AW RMEO BRERER O RN AR Z L2 B E UTHEM L. B XBAEMRME S B IR &Rk
{EHIRRRAEAR L U, Al Id B 2249 £, HEME 888 #r, #EITEM: 716 £, ik 664 #x DT ¥ X VG A R LT, FifAQE & C¢%
H, RAIEE T Fine-Tuning L, JRAMIGEISR 254400 L7z, fERIT B TR 908.2%, MEMEIEMHEN 98.8% 72> 7=, IR %D
72 PR ER & O 32 2 & CIRMAREGR O SERENRM L35 2 EAVHB L7z, £72, Grad CAM (Gradient-weighted Class
Activation Mapping) (XY, Alidt MIX2MRZ CToOEB G L EROEITNITER LTHELTWD Z &I Lz, &1, M
B2 EZ BT 2IHAEOE W Al 8T 5 ECTHERMRZE LN,

¥F—U—F: JRMa2,

1. [FL®HIC

WA, JREE EECROREBRIID LT 28Il TWa., JRAIR
PITRFICHBNE L IEHROFELREST S, Lo, K
FHRRE B RIR RIS RIBE L 72 TH D70, BN Z 0 o7

<, RAIEES D BRI E MRV 2 L SRR S Tn s,

DT DERBLS T, IR Z R E L AT X 22W
B OBRER KD 5T D,

DIVOIVILIRTEL 0, M2 (2B 3 2 22 W AR A 2 BR %S
LTkY, BRIAL=2—F /L%y FU—2 (Convolutional
Neural Network: CNN) |2 X - CHE o> B BEVESE R 217 9 £
iz BRgE L7=[1,2] . RMRZICE LT, x5 L7225 Minmig
ZIVE LC CNN BT /L DOFE 24T 5 B3 3Tttt T
5[3,4]. LML, FDEBROT VANRTURRT—Hy M Lh
BONRWES (B ZITEMER B LTl TH 720,
BIFRFERB G S, 2D, R 5 EAOMIRE b
FIALCCONN 28 sE s enTEE, <o) o—
VarvEFEHESEHENTE, EVEREEZHA TS CNN TS
NEREETE DAGEMER D B.

CNN OFEIFIEIZB W T, #5858 - Fine-Tuning 239 5.
A H =3y N EORERAEO BIREE 2 8 SH 72 AlexNet
K> GoogLeNet, VGG * » k7 & O T- /3 JEMERE 2 7> CNN
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fHaE, BHrAH=a—F Ny FU—2

ZISHA L, W5 Th 2 EH I O 3RO 72012 —EE D %
Z, BT NEMKHHE (Fine-Tuning) 92 2 & TEWWT p—=
VAERDHIENTE D, ZO%E, EREBROKEITAY ¥
FADOT 4 =TT == T 2T NEFEE LIZEO B REBO
BEEO HIED NP0 ThH - TH RIFRMERENSE O
2.

Jifi I & PRI W TR @ U 72 TR RE RS IO AR
%, FZCAMIE T, MRS A28 L CNN &2 vz
JRAMNEE GO A S A EFIEERET D,

2. M EAE

TR F [ B PR e C VB SCBEAE IR IRF L B 1 i ik 5> & BRER
ENMHIEE KO RRE O TR IR =2
7 Ju A (Beckton Dickinson, Durham, NC, USA) % 1ER% L7-.
SiAE T B 175 B, SEME 116 1, FRANIAIZEME 64 1, HEME
59 BilAMEH Uiz, wIT, Rifmiaid ByE 2249 #, 2 888 £,
FRAMIIE 716 £, TEME 664 Brd S FHHE (296X 296 M)
ZUERL L7, B0 EIT) CNNDOXy N =7 T —%T5 7
Fx & LT, VGG-16 &L, DLTICAT 3 FEO AL

(Method 1-3) "CEHRMINLD H3HEEE 4 5F4fi L 7. Method 1 : fifi
AR R 2 FH L C CNN 08 % L, JRABILEER O 71 %17



9. Method 2 : JRAMAZIEIR D7 & FIH LT CNN OFE % L,
JRABFEER O TR A1T 5. Method 3 : iR E & CHATEE L
72 CNN % JRAIIEE % C Fine-Tuning L, JRAMARE{E O TFHI %
17 9. Method 3 23 Eilk L7232 RVETH B

Mz T, THNEICK T 2 AR EEAFT 52 LT, EER
vt/ Eb— b~ (Activation Map) DIEX THITE
% Grad CAM (Gradient-weighted Class Activation Mapping) (Z &
SIFERRIL D AL AT o 7.

3. R

3ODOFIETHE LIZRER, BIEIEMESRIT Method 1 T 60.2%,
Method 2 C 92.6%, Method 3 T 98.2%72 -7z, FEMEEMEEIX
Method 1 C 81.2%, Method 2 T 95.6%, Method 3 T 98.8%7
TRTOTFIEDH T, Method 3 2 IEMERBE -
7=. WIZ, Method 3 12 &L > THEIN-REMNZ2MHEE & Grad
CAM IZ X » T 7= Activation Map 2773 (Fig.1).

STz,

LpEnk EL</En BBz oolishit Bz colisni

P LR AL A
nE¥

i

S

E &

g S

s

) N

Fig. 1 Method3 1T & 2 73 JHFE R & Grad CAM I & 2 Wik

Grad CAM IZ XY, VGG-16 BEBED EOFAIZER L CHIET
LTWD D%l Le. A EHEH L7z VGG-16 IEAIIRE A3
WL, MIDBN RIS E, MIREEHT 52 & nHEET
BYESHET AN DD Z ENHH L. £z, #Eﬂﬁ%muﬁ

L7-3E0E, B (B2 a~F o MBS0 BAROAHE) |
L CuW=.
4.EE

JRAIRZ T EBERICBW T v~ F O &, BERERE,
N/C ELDHER, BRAE, IEKO 5 R CHIET S (BREH
faRs Ak 2015) . Z ORI IC b Y TIFED 2 &
75:%11\ SRAMR G O D528 L bl UC, Iifiiamig 58
L, JRABIEIE % C Fine-Tuning 9% A CTIEMERENEWZ &%
FLWRRIZ o7z,
AR 23 <, MR fR S R 22 35 8 I T 2 38k 32 =
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ERREER T ENED ST LD,
FERZ A3 5B
Lis.

PRABIEIZ A D 2 0 09~ <, 72 e & bk U -CoEE
FAE & OERNIE S T2\, ZD 728, Method 1 Tl B4
FRa O EFEHFED 60.2% & ARD TIRWEERIZ /AR o7 L HERI T X 7.

PRABIRIZER & TN AR ECixfiaanERic b+ 5
Z EIEZVR, EREENELS, BIELOb W, £k
AR CHIWrd 5 2 & b2 < 2. Grad CAM I & ¥, Method
2, 3 LAMRICHINEROBKZIIERE LTRY, B MZL5M

fze TOREMR A L L L TV, & 512, Method3 I2R W TR
RUMEIEMERDS 98.2%., FEMEIEMEED 98.8% & MV IEMER 445
72, 2T Grad CAM I X D D EDRRBICK 7 n~F
OWBEREICHERLTEY, TRTOFEOH CEEFRICE

A%, Yt EDOIK T L
ICEFREIEN TEX B2 2T LDOREEEN YA

FHHEREIC R LIV EEZ LR,
545
A O A BN IE, R B2 T 5 CNN

X0, %"fﬂiﬂ@ﬁ@f”‘” L, JRAHFEE 4 C Fine-Tuning 3%
CNN 92 & LV RBENEWREREZE LD Z &V
Liz.

ZOFRERNG, Bp D fgan s S B L - a2 B I
WD ET, BT — X RN IR EE e R R IR I b R
TELPHMEDENTFELHETE DAL A LTz,

FIZBROEE
L

X

[1] Teramoto A, Kiriyama Y, Tsukamoto T et al: Weakly supervised learning for
classification of lung cytological images using attention-based multiple
instance learning. Sci Rep. 11; 20317, doi:10.1038/s41593-021-99246-4
2021

[2] Teramoto A, Tsukamoto T, Yamada A, et al: Deep learning approach to
classification of lung cytological images: Two-step training using actual and
synthesized images by progressive growing of generative adversarial
networks. PLoS One 15, 0229951, 2021

[3] Vaickus LJ, Suriawinata AA, Wei JW et al: Automating the Paris System for
urine cytopathology-A hybrid deep-learning and morphometric approach.
Cancer Cytopathol. 127(2):98-115. doi:10.1002/cncy.22099, 2019

[4] Awan R, Benes K, Azam A, et al. Deep learning based digital cell profiles for
risk stratification of urine cytology images. Cytometry A. 99(7):732-742.
doi:10.1002/cyto.a.24313, 2021
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Tissue Type Classification of Idiopathic Interstitial Pneumonia Using Whole Slide Images
Atsushi Teramoto™, Ayano Michiba*?, Yuka Kiriyama*2*3, Eiko Sakurai*?, Tetsuya Tsukamoto*2,
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BE  FRNRHOMZE R TH 2 E 3R IR AU X » CTPRPRIEN R E S B D - D EHRZIN RO 5T 5.
ARG TIE, FERPERVE MR BE OMBZIEARE R — VAT A4 RAX 2 FICTHRE LIZERICK L, BARAH=2—TF Ry b
T — 72X > TRl E AT 2 FIEEBR Uiz, ARBFZE CIRERRIERVE M2 O T h PHRA B 72 R YERHEEAPF) & 1428
PRl R AT 70 FERR LM RV E AT S (NSIP) D3 B A AT £77, BE OMMIEAR%Z AR —/L AT A RAX v F(Carl Zeiss #1184 Axio Scan
Ik > TAF Y L, BON-HEE 224 X224 WFED /Sy FEITHEI LT, B 04 FEIZ 1 DenseNet 169 % HVy, /3y FH
B OLIERE R 2 )45 Z & TREFI Z & O FERE R A28 H L7z, IPF 3 S AER 31727 #. NSIP H3& 5 SE 28919 M D {4 A Fv>
T Leave-one case-out A 7EREEEIC T L= & 2 A, IPF JERI & NSIP JERI DO FEEMERIT 75%72 5N 60% & 720, A IEMER
1% 69.2% & 7o 7.

¥—U— N FeRMEREMEMR, WEEG, S5 BHAHh=a—F NV Ry RT—7

L ZLol= BRIC & o CISEA LD HH LA A (0 LIS B A 217 5
WD VRIS RPN A U CIPIRBE 5 U B VERER IR IEA R A A% v L TE SR — VAT A FAF ¥ 48
RITIL 100 FHHLL EOJRARN DR D b O EEN[1], TOF B L, 7 VLVERERNEY 7 s avr—2ibiTbhoo
T b BRI OB R IR LE ORI bIRESRT b,

VB BERPERIETIERTZ b ODORISTEEL, TRE U L FePERN BTREN 26 0 BB AR (b2 7234 — 2 8

AV E) e IR REN BT B 72, B O IEREICZ M &2 1T O B EENDTZDZKBD CTHETH Y, ENTHRZETE 590
D38 H[2]. BWNTIE CT MRARLIHAEMRIC L 2 W ERA T i HENRONTHNDONRBURTH S, £, Rt ErEms%
L0, FNOOREIZIFEERRBREZET L. bLINLOM % HEMER T D HA b E IR EOBBEICH H. & T TR
ETHONTZEBEMNTT5 2 & CERICHFEREAZERE TN FETIE, A=V AT A RAX ¥ I L - Thy SR B m g
X, &0 IEfED ORI LE LI Wr-Ola A e L 70 5. Zxtged Uiz, CNN 1T X B ReMEMBE MM DR FATFIE
ZITCIEFEREED WD T =T == T Hioh ZRET L.
THELIAHL=2—F )L v kU —7 (Convolutional neural
network: CNN)IZEMEFEFAEIC EVMERRE A T2 2 & k4 2. A&

TR THED D HIVTER Y, MIEMEMi% O W AR HfTic o ATFGE CIIFRFE MRV E M2 O T THRA B 72 Rrss R
WThH, ONN ZIGH LI FERSERE SN TS, Fxld HESE(IPF) & 1% 75 ELiR Y B AT 73 FE 45 2L [ B MR il 45 (NSIP) D
v~ T AR T AT a VEfO—2>TH D 3D U- DEFEORGZATY . AFROLEE 7 0 —% X 11277

Net 2 N TREREVERV B MEG 2 SRk oD B Bl & 9B o8 % AR CRIG L L BFIIEHER SRR L Z2 L, B
179 FEZBRE L, 75.7%DERREE 21572 [3]. PERVE MR E BTSNz 134 DBET—ZTHY, HO

FroeVERVE LR OB MES CT A TN RS A, & PRRIZ TPF 28 8 JiERI, NSIP 235 EGITH L. £F, AR EH
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= IPF

S = NSIP

1 RFEOWEN

DH T AMNERER—NVATA RAF v+ (Axio Scan Z1, Carl
Zeiss fHH) ICTAF ¥ L, 1ERIZOX 1 OB EE7-.
AEBLOEREF MO~ NY 7 2BIFHTE S B LBRT
HDHT, MROFEET DR DA% 224 X224 IR D /Xy F
GBI LT, ZOREE, 1PFAEFNZ 31714 A%, NSIP SEFIIE
28914 KL D% FHEEHF H LTz,

T DOWEHE A SIET S ON (213 DenseNet169 D HERiH
ETNVEFAL, 7VEEAREE 1024-256-2 == bk OEEIC
BEXH#Lx, IPF & NSIP @ 2 /3N AIBE7 2T VEFIH Lz,
ETNVOFHIZIBNTIE, 5 aHIZZERGHEE VT XTD
EHRIZ OV TR R 2 H U, Wi AL CHERE L g R
CIEBIHAL T LI-REE b LIl T 7. e, Zh
O OMERIZIL, Tensorflow 38 X N Keras %I L7z Python 7
o7 LEFMML, FEAHIZIEL GPU & LT NVIDIA Quadro
RTX 8000 % #5#% L 7= PC ZF|H L7-.

3. BRBLUBE

X 2120 L < SN ER & 78 - CTHtE S L IER O
ARG AR, WREALTHAN L 72858, IPF O IEMRFR
1% 80.4%, NSIP OFHIEMEERIL 14.6%, A LEMEEIT 49%T
bolo. —J, FEFENLTHAN L72K5E, IPF O EIEMFEIL
75.0%, NSIP O 3EIEMREEIX 60.0%, A EMET 69.2%TH
Sl ITNHORERX Y, Rt E M2 OB O/ FE
IR C O TIE A <BAMITHW§2 Z ENEET
HDHTEDIRBENT.

4. $EER

ARFIE T IR MR B R B DR —/V AT A FEBRIZ
BT, CNN I L BWBNFERAD T, THIORERE 70% D8
BIEMENG S, RFEOHENESHRE SN

FIEER OB
mL

x ®

[1] Travis WD, Costabel U, Hansell DM et al. : An Official American Thoracic
Society/European Respiratory Society Statement : Update of the International
Multidisciplinary Classification of the Idiopathic Interstitial Pneumonias.,
Am. J. Respir. Crit. Care Med , 188, 733-748, 2013.
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[2] Raghu G, Rochwerg B, Zhang Y et al. : An Official ATS /ERS/JRS/ALAT
Clinical Practice Guideline : Treatment of Idiopathic Pulmonary Fibrosis., An
Update of the 2011 Clinical Practice Guideline. Am. J. Respir. Crit. Care Med,
192, 505-509, 2018.

[3] N.Takeuchi, A.Teramoto, K.Imaizumi, K.Saito, H.Fujita, “Analysis of
Idiopathic Interstitial Pneumonia in CT Images U ing 3D U-Net,” Medical
Image and Information Sciences, No.38, Vol.3, pp.126-131, 2021.
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Extraction of alveolar walls in 3-D lung micro images from large-field microscopic
synchrotron radiation CT using U-Net
Haruki KURITA"™, Yoshiki KAWATA !, Hidenobu SUZUKI"!, Keiji UMETANI"?,
Yasutaka NAKANO™, Hiroaki SAKAI™, Toshihiro OKAMOTO™, Noboru NIKI"
*! University of Tokushima Graduate School
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BE i -ChifggEo 3 kot 7 a s o mg <, MR EAT O L IIEETH D, AHFED BAYIT UNet T
S HeBER HH O EE EEALICHL Y 1A, i 3 ROt R 7 u i iEMATICEIRT 2 Z & Th D, EBrTIE, (DFBHCHMifasEmtz L T8 T
— X &E L, (QZ % AT 2D U-Net!liz X 2 fiifaEmhti 217 > 7=. (3)2D U-Net (2 X % axial, coronal, sagittal 0> 3 J7 [8] D HFE
RERAWTIRTFET —F 2ERL, @Iz AT 3D U-NetiZ L 2 ilasErH 217 > 72, G)E3EHEE & U-Net (12 K 5 ififaBED
TSRS 2 LLBGTM L=, 2 OfER, EREOBE AT 0.868, FHHRIL0.903 & 722 -7, 2D U-Net ODFHFEIT 0983 & 720, HEk
L A THaRE RN < 7o TV AT 2 S OVHER THIHI T & 72, 3D U-Net DIEARIL 0964 L 720, 7—F 77 7 FO#EHHN
Hin Inoln. 3IRTEE T — X HOHNR 3D U-Net DM BIC & 0 fifaiE O sk EA S SICHf T 5.

F—U— K : U-Net, flifaB, fhH, CT

1. % - HH 2. RERFIE

AL BEIMIREED 1 IR & 2 TP RO S EIT, ABFSE T 3D U-Net (IZV D 3 IRTTHE T — & OBhHEN 72
fifag<ChilaiEr 3 RITMEL MR+ 52 L ThD. Tk TERNBEEZFETH S, RERTIL, 2D U-Net @ axial,
FERRT 5 72 DI, AP E ClIE m LA A3 i X A7z il ks o coronal, sagittal > 3 FH OfHFERE AW T 3 keEE T —#
FTAILT = H G, ERERRTIC L A RFERR, WA, Sl sl oo fiE RS 5. BRICIILL FTOFIETITo 72,

Braste, 1IRFRRE 2 RbBka % 8T 5 k% R LBl 1) F®Y CHMilEBEZHIH L7z 2 RTOEBRT — & % 500 4%
A CUE, WER O MBS HEOREE % EF 5 Pk dak~ (1 KD WA X 256 X 256pixel)fEfk L, 2D U-Net F D28

%. ZHUIE 2D U-Net =2 3D U-Net % JH U 72 ok B8 72 i f Bl Y TIVEAERR LTz,

T L. ZORBRICEER AR LT L7 VT — 205 (2) 3 WIChfi< 7 v Eif4 O axial, coronal, sagittal @ 3 J7[AllZ %}

AR, WAL, YR O EREEE AR M ATRE & 72 D L iR L, B L2 L2 N TENENT X &2 To 77,

LIRHRR & 2 RHPBRO 53BN EREEE D SEIC R T 5 Z &M (3) () Tz 3 SOMMHFERE AT L LT and, ZHk, orii

T& . Ha L CWhE/e.
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(4) R)THZ3>ORERE B THER L, 3D U-Net iIZfiV 5
FET—2 L LT or MR HEEIRT —X Th D EHBTL
7.

(5) 256X256X256pixel ¥ AIZHIV H LT 3D U-Net D2EH
T=HABLON T —varT—&L L.

(6) ()TIERR L7z 500 DT — 4% &~ hOH )5 3D U-Net D
TANT—=ZELTHWLIT =X %2R, ZOT—XNRNE
FILD L D IT256X256 X 256pixel A A THIY H L7,

7285, WL I1Z-850, WW i 400 (Z[EE L7-.

3. §Rli A&

U-Net (& & 2 ffifabEf it 247 - 72 %, fERIEIC K D HikuBED
SR, 2D U-Net OF A MEH, 3D U-Net D7 % MER %
HeleE i U=, FE TR L2 BT ~ULEE 500 B 55
10 #%& IEfifmifg & LT, FHMlHEEE Cd 5 =R, @ER, Hil
R, FEAZME L7, TP, FP, FN 2 &/5F L~ %X 11
Y. R HEEE S 2 < BTERREAT B R L 72

s TP
mam FP
s FN
X1 TP, FP, FN % %= &E7-E G OH

4. SRR

FAHMIFEE ORE R A2 £ 1 IR LTz,

2D U-Net OFERICBIL T, 2ET —XH0R 256 Hh b 490
BOZ¥nd % 2 & CIEfRSR, BB, FENmELZ. Z o
BEv, WP OBENSRNICE E L L TE S,
PERIE L BT — % 490 MOREREZ T 5 &, BEHEIL 2D
U-Net 235 <, HlifaBENHE < oo T B BT A B ICHE T
7.

3D U-Net OFERIZE LT, fekik & 3D U-Net & bl 2 &,
WAL 3D UNet 3L, 7—F 777 FOEMH» D 72<
ot

2D U-Net & 3D U-Net D% thig4 5 &, 1IEfE=]1% 3D U-
Net D3 @ h -7z

K1 FEI L ORFHEFEEOFHRM R
FET—F% | ERX | B6% | BREX | FE

ekt 0.975 | 0868 | 0.903 | 0.885
256 Fc | 0964 | 0.983 | 0.682 | 0.805
2D
490 ¥z | 0.966 | 0.766 | 0.983 | 0.861
3D 10| 0968 | 0964 | 0727 | 0.829
5. F¢EH

S — % 500 KD 2D U-Net D2E €5 )L % FAW T, axial,
coronal, sagittal @ 3 FAIIKI L CT A M &fTo72. ZhHd
FEROREMAZEY, 3D UNet OFET—Z B{ER L. =
DOFER, PERE & A THIEIL 2D U-Net N@E-o72. #HE
3R (¥ 3D U-Net BEho7-.

i B4l S 2 1) b 0D 7 9D D KRBT — 2 ~_— 2 DR
(1) 2D U-Net O EfRHEI 1% DR
(2) 3D U-Net D385 — % D%

PETH S,

MBHERDOHIE
L

x B

[1] Olaf Ronneberger, Philipp Fischer, and Thomas Brox: U-Net: Convolutional
Networks for Biomedical Image Segmentation, Proc. International Conference
on Medical Image Computing and Computer-Assisted Intervention, 2015.

[2] 0. Cigek, A. Abdulkadir, S. S. Lienkamp, T. Brox, and O. Ronneberger: 3D U-
Net: learning dense volumetric segmentation from sparse annotation, in
International conference on medical image computing and computer-assisted
intervention, Springer, pp. 424-432 (2016).

[3] K. Saito, K.Fukuda, Y. Kawata, K. Umetani, H. Sakai, Y. Nakano, T. Okamoto,
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Development of automated segmentation method for tongue region from head MRI using U-Net architecture
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I Tomakomai College Advanced Engineering Courses
*2 Tomakomai College Dept. of Engineering for Innovation
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By 0F, ERMEBEPREGREOZKGIEL L TEORRIC L 2BWBNHBE STV, FEER MRI 225 F OlmelZ Eii2 F1E
ETHHET20ERDH Y, EMOAHENKEV., A TIE, U-Net Z2HWT 2 RICOEE MRI 55 a4 B st 4 2
FEERRT L. ERAEBEZRE LI2FE 2T 56, FEICE BBROBENRET HMENRHS. U-Net OffiEIT= a—
HEFa—Znb0, TROZEIERAX Y FHEERE O, 2BV ERE SRR DL, EREGOFEE BT 5
IS RETH D . UNet 2T, 52 Ay OIEES MRI /55T — % & v Mk LFEEITV, 7THOT A MEBIZOWTA
FEEZEAL, FAHEZAOTHAM LR, FHT 05 19ORBE CHERAMNT 52 LA TE . BfE, U-Net OJRETH S U-
Net++X° Ladder-Net OB A ZHSIL T\ 5.

F—T— K :UNet, BT 4 v BT AT —3 g, HEREEEEIEGER, SE5 MRI

1. FL®HIC U-Net OBZIZOWTCHIAT 5. 9, BAIARE L &S

BirE, REERRREMENEUL JE (¥ (Sleep Apnea Syndrome: SAS)D# LY, BB EEBNE LTHWOND T —%T7 7 F %
Wik & L TEHEDIZIRIC L 22BN GET ST 223, A THDHCNNBHDH. Zhxt L, CNN OLFEEE % & A H
SHED MRI 225 & OmEha FEE CTHIM T2 LENH Y, E BIZEEHZ, TRXTOEEEHRAREORHTHERL, BT A

WP HBEENREN. 22T, BHAHR=a—F Ly MY VTF—varERAMELTHWS I EEFREL LET—%T
— 7 (Convolutional Neural Network: CNN) % F U 7= T 5EEE 0> H B) 7 F X Th HEREHRIAHRSLR Y MU —7 (Fully Convolutional
M7 E, SO 2 BT D2 RFEFERS Network :FCN)73d>%. U-Net (%, Z 0 FCN % = HEi{§ 2 F#k
NTWD . AR T, EREBROE 7 A T —3 3 VIZFHE SHET XTI Fy ThDH. ERHEGRERIGRE LI EE %17
L7277 —%7 27 F v ThHs UNet ZHW=H7=72 FiEE B IGE, FENMHE S BB OB N REY 72 &0 O R & 503,
L, &FEO A ELZm L7522 BNET 5. U-Net [ L7 8N LB R BRI D IO T, Z ORI ##
WTED.
2. U-Net WIZ, U-Net [FKD X 9 7 fez £,
AWFFETIE, EHBEBROMEREOE 7 A T —2 g AT (DEncoder — Decoder ## i
{E U7z U-Net[2] & IV T, Fifiko> B B 2 #5325, U-Net @A X v I HEft
DT —X%7T 7 Fx %K 1ITRT. ¥ DD Encoder - Decoder #4113, 7 —F%7 7 F v &K%, A

TIEER ) D RS Z AT 5 Encoder &, R~ v 7 OB E %
#8557 % Decoder ([ZX5I L7 4%iEToH 5. Encoder TIIFFH %
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i%, Encoder TEAIALE T HRIDOFM~ v T EREF L,

Decoder IC 2 B —35 Z & T, MBEETLOBEL LIF5Z L
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ARFFETIE, 52 AN DEEES MRI i %7 —ZJEIE L, 320
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{LB3%, BB, RdEbB¥E Rk L7z,

BIHIABSE DT — N A XEHHE3, 5, T 7L E L
LEoFEER TN ENE L. TANHT =41y 7
KON 1D AT %X 3, HAEGRAERE T ~L, ThEh
DI —F N A XBZNENHEAE 3, 5, 7 OREOH TG4 #0)
DOF| %X 4 1T

\
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g
»
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(a) [EfiE 7~ 1
4.

(b)3X3 (€)5%5 (d)7x7
H—=HNY A XX DT AT =g
Ak L g

FEZAWTE T AT — a VI EZME L7z,
DOFHIZHRDOEY Th 5.

Thith

#£1. FEEHAWZEE L

H— AN A R 3#3 | s5%s 7*7

F ECE) MB%iQ4|93T%i24 89.7%=+0.2

I b B % Adam, 18 5B9%0% MSE, 1514/t B84k % RelU,
BIHIARED T —F N A XufhE 5 €7 BN ETHRES
FUYEL U, WA NR—=RT A= FF a—= 0 TEITHT25ER, &
WARNTA—F & L TRIR LB E S 2 1ORT. @b oxt
RETDHRTA—ZDFEEER LR EE 3 ITRT.

2. NANRN=RFGRA—EFa—=U TRER
2P R wEGBIE | TEME R RE L
Bi%4 | BinaryCrossentropy RMSprop ReLU

223

3. Bk E Ol
i L H FE(CFE))
Fc i L BE A Adam 94.4%
RMSprop 94.8%
Adamax 94.7%
Nadam 92.5%
B4 - ReLU BinaryCrossentropy 95.2%
TEMEAL RIS MSE 93.7%
softmax BinaryCrossentropy 0.00%
MSE 0.00%
B, BlbBOE T AT —va URER AR LT, fol

EHIDE 7 A T — a VR L Bl DE 7 A v T —
a URERZIK S, FEOkEKEZR4ITRT.

@)IEfRZ -~ (b) bRl (o) Fd{bik
K5. ko s AT —va URERER
(AJ1EE: - M 3)

FA., ARG RA—HF a0 —= L PER

S A I b %
F {E(CE5) 93.2%+24 95.1% + 0.2

FER L LT, 5% OBIALT 4 VE EHVDEE, itk
FA%% 12 RMSprop, 8<%k BinaryCrossentropy, &ML
HIZReLU Z WD Ll b IBENE LS RD Z 0 mh-oT-.

4. F&H

U-Net % I\ CHEARS MRI 2> 5 55k 2 B 892 Tk %
BRE LT, Z ORISR, T4, 1% 0K E CHHE 2 HH
DI EMTET.

FIFEE R OB E
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X B
[1] #E Wt . BHAB=2—F 3y FT—27 %7z MRI H#)>
D OE R E BB DT%E, /NI T E S SRR R
Feim L, 2021 4F
Olaf R, Philipp F,
Biomedical Image Segmentation, https://arxiv. org/abs/1505. 04597, 2015

and Thomas B : U-Net : Convolutional Networks for
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A Study on Automatic Tongue Contour Extraction from Head MRI Using Convolutional Neural Network
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E2E: @%ﬁﬁﬁwfﬁﬁ®$ IZFB W TEEER MRT 22 b F O L, £ORKR»6BEOHEIEED m%ﬁoi&#@ﬁén
TW5a. L, TDOH iﬁ%mnb%%ﬁbt%@%ﬁﬁzg 720, BUIK, HEESMRI 25 HREE oA 4 51
@%ﬂ%ﬁﬁ%%%@%fﬁﬁb&ﬁnﬁ&%&w.%:f@%@ﬁﬁ@ﬁ%ﬁ%&b BIHIAHF= 2 —F )Ry N T — 7%ﬁw
72 2 WRITOFEER MRT 2> 5 OF O A B B 28 21T - 7=, FEEADOET /L VG616 % AV TEEE MRT OF —Z 22\ T
B FEEITH) 2 LT, FHEKEIETHEHRONEET NV EEET 5. FEH LT VERNT, BHE MR 205 O HER A BEh X
TN O EERAHE L, RHEERO P.OEREZ HEkE Ui 2 2 & ¢, WEmEmthT 5.

F—U— R BHIAL=2—T )Ry T =7, I

1. [FL®HIZ BAIABIETIL, EICH L TT 4 Z &AL TWE, i
I RS B 41 IR i A (Sleep apnea syndrome, SAS) & 1, AR BOREREZ N T2 Z E R AIRETH 5. i b S B 7o T A

AR F 7o TR IZ 72 D IRBTH D, SAS DIEIRITR D PRI A—=ZOEKIL, BROY A X TIERL 7 4 V2OV A X

b, ERPICEEE A I AT &N AT 528, AMRICEEE L KT D720, BBEOY A XNRKREL o TH/NT A—FHUZ

MAEIIREMEDS B 5. SAS DRI, SHES MRI 2> 5O AR L7gu,

BEL Al L2 O 6 SAS BH DO EFELEDOBMIZ1T 5 f5 %72, F—V L VT, BifgY A X &N LR A N %

ERRRIENTWB[L]. LnL, ZOHETBEE21T 5 I3 B S22 L0, FHEBNOMEOENEZTHT S Z LT,
B MRI 2> Sl U728 O3 m B2 72 5. BAE, BEE MRI INSIRLE AT U CEE 2T T VAT 5 2 L ATRE
25 EER A0 HI2iE, BRI E OREiE FEE AL T B3]

7 HL X728 57272, SAS OBWTEAT 9 BEAfi DA 2 R X Tz, BRIAH =2 —F 3y MU — 7 XEBOSEICS A
WX B EMICRE AL T 5 FIEPMETH D. WHATHEY . MRI OEHBEEBAIHIZGH S TH 66 4F
Eﬁfﬁ@%ﬁa T L0, SAS ORBWI AR EITITH ol 7T % [4].
U OVREEE T MRI i P2 B FH Rl H B JEE.EHTJ“%.SJA%# 2.2. EERBEE(5]
HB. CNN &2 T 2 & K7 O BRI C e % fil ATFGE TG &4 BEEE MRL D L 5 72 7 L — R A — L%
T2 FETIE, SEIOBRIFEIZL 75% Th > 72[2]. X, BT —EBRICHEAREHTE DIFREN DM, BT —
KGR CTlEE A= 2—T )3 >~ kT —2 (Convolutional I ATHFR TH D720, BRI =2 —T )V Ry NT—7 T
neural network, LA T CNN) % HW 2R 533E1Z X 5 85 MRI KV FEIEI-D0EBE KEICHERT S Z ENRETH
2> Db O E RO B B RO A 1T o 7. . FIT, APFETIREBEEEZ WS,
2. [R¥E WL, PEEAET VO IEIC eSS E 28N L <
21. BHAHB =21 —FIARY FIT—H IO A ZEFHEETHFIETHD. ¥ A7 OIGHSLCTEIT
CNN %, BT EAT I 2 DFEFED 12T, EHED T, Blox A7 TTTICFEE SN AR A A L, KA C
AR ZIZ K o TWD K ) REHR CTHARNT T2 Z LA EITORDHZENTES.
Hk 5. KEDT —H L5825 R % KIBIZHI T % 2 1th, 4
ZOXRy NU—2%, TBHiARE] X 7=V 7] 72 HLEWEBOT =4ty VNS THEBRHEEITH 2
E ORI MiE 2 Fi o T A A ER TR S T 5. EMTED LWV EBMNG 5.
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Preliminary study on extraction of adrenal glands in abdominal CT images
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HE  BIBNI0E, @, K5y - R EORNERE T ZREIR S T2 O OB VE B AR T Dl
ﬁf%é'ﬂmfiE%@waXTn/r&woﬁmmk D, ZFOREFIEIEEHIRY 7 7
BoHDD, PHOMGENE N L0, REENMENZ A COMBENRD 5. AHE TR, BIRHIRY
Uyﬁ%@mféﬁ&ebr,@ﬂcrﬁﬁ 3D U-Net M L, RIRMEEZ FEE0ICHMT 5 TiEE
WETDH. HMBBEZR ESES7201, FHHCREEC TN E S T —2EAEH L, 2%
ﬁmuk%é%mﬁmbk.%%@@%m@@mﬁﬁbt%ﬁ%%ﬁ

F—U—F:RAI%, REET LV FAT e E, RBIEHEIRY 7Y 7, 3D U-Net

1. FCHIZ

T L BT v AAE, RN LHRLE CHE
FlonwInsZEIcky, mimEE 2T 2HEET
RFW 2 ZRMERILETH 5 [1]. JFRMET Vv RAT R
IEDAED 1 O TH LEIBRIRY 7Y 7%, F
BOMGERE. £, REICHEMADH 20
SHBREZITY) 2L BEE L. 20D, BIEEIRY
VIV T ERMET HEE LT, I8 CT Hig G
BRI REI AR U, ARG 2 FERLE L

o) ©)
2%, AMETIEH 3D UNet[2] 2 AW TCAHENNIZH B 1. glEsaskohH, (a)ﬁ%lj%;@l%@bﬁﬁiﬁ. (b)

W T 2 FIEERET D, FHEIBOBOMEE. (o) ZBIE OB LEk

1 OB I T ORI DOELE L E LT 256X256X
2. Bk 16 OFE % (E 5 (M1 () BI8). 250 134
D B TROVZELAZPLE LT 128X128X 16 DOE[{E A+

FEIZHW 2 B ORI sk A2 FE) T T T NEIUERLT D ([FX (b) & (c) &) .
L, EOHEZENLE ORI & HORIEFNEho KA B M ORI L LCLLF O 3 SO EHL
HELEREH L, ZOFELEFWT 2 FEEO L EEO #1795 (X2 5BMH).

PR 2 AT 5. (1) w=127, o=2X (&EEO BRI OEHERE)
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TIEHE.
(11) p=F ~TOEBROBEREDFEE, o=3{) &RFRIL
TIEH .
(ii1)  p=2X (B -FER O FE W EE, o

=(i) & [F L TEHE.

@

(c)
B 2. EHAALE.
(c) (11) fLsH.

(a) JF
(&) (ii)snp

. (b) (1)

2) T A MEXRE

D CERL-EG 28T —% L LT 3D UNet T
FEEIT, T A MNEBE AT S Z L CRIBEE A
5.
3. =B

AMFZETIL, NEHED CT Mifg 49 SEFIC
validation 2 M L7z, FEEFHMIC ToU 2V 2.
WCHWD /T A =2 3=R > 7 H% 100, 3 F
YA X% 1 &L, RB{ETIEITIE Adan, HHEBEUC
NRAF VU rarxy o b —&fn-.

10-fold cross

U-Net

4, EREELYD

K LICERER LT, BEOHEKOY A X2 EE T
ZEBRTIL, ARIBITH T, ARIBIIm TS L
A ORENE -T2, £z, EHBIZBE L TIX
FHEIBCIEG), £RIB TILGD OFEI RS EVIEE
oLz, F£7z, K3 I(ZBILHEER 0O ToU DOFFo 1
Bl R LTS, ZOFBRENZE L TE, ARIF Tl
REIZT CHEEETo e FEORKER VOIS L,
FERIBICBE LTI, BEX TR
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EE: MECMIEE EOMHEITIORS, Bk y N — &R RO~ T v s AT =2 a VTS ERE L, TN
WU D EATAFEAE Lod V. ZAVUEEED T~ FERICHIC, iR & bl U CESRHDEGIC D 2N 2 EBRER O —D2Th d &
EX D, T TARPETIE, JEOHEE T~V L0 & ROSEIRZ B o 723 T 7 ~ L2 W28 LWV TR AR ET 5. i
LVl = ~ v % i L 7= Expanded Tube Attention module (ETA module)Z iV 25 Z &2 &V, FHIOFHABMEIIHREL T ~ L2 FE2S0
TRV A 528 L, KOO IE#R%E Attentionmap & L TIRIEEL 2 6, tha 124 U P F VO TRISEREFET 5. ZORE, X
v N =T WREEDE T AT — 3 RN\, Easy-to-Hard learning 238192 Z LR AMREL 70 5. RERKEIGB O 7 A T —
a v T =2ty MERAWEERNPD, Hie REHHREEICB W CTIREFEIERFIEL iR L TRENYGET 2 2 L2l L.

F—U— R EEEE, BT A v IR T AT =gy, 7T AR, B LT 4w O—T5

FEREN 5 ~IVE R

1. LI

BBEOKBEFEIZT TATNVLEEN B TCHLEY T 407
TR T = a U, RSO AN o B O BRI dS
WTHEERHRETHD. TOFTH, MIVEIRR Yy hT— 74
WELOEBIIHT D' A T — 3 IIEFICEE L VAR
ETHO, MR TLEIBAINE L BET HEAICH
L. TRIZEGNTLE S LWk E LTOERE L ST, fjlT
MIFFICHEEC 70 D, % 2 TR TIE, 20X 9 2 Ek X1 F74ud—ZEHmO
Fv "= EOR TS A T =V a UEONEE B L
T 5. HREFIETIE, WbiEE & 25 RAE O O R S
WCEB L, e 7 0 O — 8% V72 B 7~ v
DYBREERET D, & 5IT, T OEREET 7~ OfFR Z 5
H L7 Attention module & AW/ 5B EERETH. 2Nk
D HITEERE TII T O AT 7 ~L X 0 bR H 2RI A R L
BaAZTFRIBER 2D TN 2 LIk v EB0MSE 4 LT
T < Easy-to-Hard learning 23 FIHE & 72 5. F 7= Attention
module |2 & 0 flE RN HEHRTE ZERERELRBD
FEITHILICRY PRHIOBONEZIZ D Z ENAREL 5.

EAL7FOS-FH

2535 Attention module I[TiBF DR > b T — 7 L [REREDZEE R
ARETHY, FEHEFEORY NU—I T A~DIGH L ES
ThHHED, TUEEICENZTETH .

3. REFE

AR RIS X D BT T VI FEE IS <, 1 R fEE & b
i L C 7 VO BRI A 22N T T AR O RFEIC
BB, F TR TIL, BT 41 P —EHIT L0 I EE
D EAE & IR S W7o REET 7 ~ VG & B 7o /BT 5 .
K UIZRT L ST, BAT 41 o—EHIEEOME % 3 Hic
TAHETHZENEHETH Y, x2S ORI E FF o5l
B 7~V R ER T 2 2 E BN FERETH D, = DRI T
AOVEBEZBICHNDZEICEY, Xy MU= AU Y
FTHADOHAIT L L & RNVEkEZFE T2 &N TE, F
BED 7 Z AR AR T 5 Z ERFRETH .

2. BERR

FR U ASICT L, BT AEAL R LR E 2 s
TAPENBED SN TE - L, ZRHIFFHE I X h3
N 5EMmAH 5 b, o REEILER LTV, BT
&, bR U —oEE AW R E] FENREINL TV D (2]
L L IR BIXEEFENEFICHL L, FHORELST
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Convolution

ERLRAT 7 ~ v

Convolution

BEFHER

2  ETAmodule % MW\ 7= FEOEX

L2 L P HIBERIIRVIREE T H B 720, Z 2 THZIZK 21
~7 & 9 72 Expanded Tube Attention (ETA) module % #2427 5.
A X D572 2 B ALL N T~V iR & T Tl A ARl
WL, BRI RIEEZ A 2 F DR T~ O/ S
DTN ZORF, KO TRIEKZ Sigmoid B TESMLL,
Attentionmap & L CTRHE~ v FITEA ST LT, IROBRED
TRIFE OFEICHERT A, 2 L0 RV T EE D O 5
HBTEX RN VEHEREZRO TR TR TE 5720, Tk
A7 T IRITEI ORI E T 2 D SED 2 ENFRETH 5.

4. FT{MSEER

FEHR T3 Digital Retinal Images for Vessel Extraction (DRIVE)
T—F%y AW ZUThEERO 7 T A L ZELSL
DD 7 T AZBINTD 2 VT ADERIT AT —2 3T
BV, FEMEEN 20 £, T A NEED 20 KAFET D AU Y
FAOBEFEL 584X 565 T DHD, AR TIHHBNLT LT
BT 592X592 2V YA A LUTHER L7-. 58 <l Mgy
g & U CHIFEE 256 X256 DT X Ay vy, K- - BES
B A, Fg LA Lz, 8 EEIE 300 [MITH Y, K
WAL TEICIE Adam & AV 2, 285013 0.001 THD. %> b
U —71Z21% U-Net ] L, ETAmodule 23 % 2354 & W54
g Uie. & iR RIS IE[3] 2 2 & 12 Accuracy, Sensitivity,
DSC, clDice, AUC % FHV 2. SLEOWIHME % 3 BIAWE X THE
BR&AT\0, 3 [l DFH) TR L 7=,

1 ITHEFEROEMEFMOMBRETT. 105, 2TO
AR B W TR T L bIRR TR0 BBERE W
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#1 EEFMRER
DRIVE
Accuracy  Sensitivity DsC clDice AUC
EEFi& 96.27+009 74.78+192 77.83+085 78.33+134 97.64+027
REFE 96.42:006 79.04:172 T79.47:x010 8098039 97.77:0.04
AH B ERFiE REFE IERRE{R
|\ .
& /‘ 4‘ - -

X 3

FEVERTHAM S SR

W30, ETA module DEMEZMRT 22 ENTE .
FEIZ DSC X° clDice 72 & D, MAEFEIRORE ISR L TR L <8
< FEAHEAZIZ F5\N T, DSC CIX ) 1.64%, clDice CliEFEH)
2.65%FEENWFE L TND I ENTND.

X 3 ICEMREHEORE R 2T, X3 005, fERETIEMHT
TV WIS SRR T CiistliL T U E o 72 FRISEIR 77
ELTWAEN, HRERFEZAVLZ LIy FRIO®REYINE
WHETHZENTE TS, 2L, ETAmodule |2 X Y KWF
HIBEIR DEES o T WA, MOEIRO TR L CTHNZ @
WTCWARERTHD EEZLND.

5. 8hYIC

A TIX, BRRry NV —EEEZH v~ T 4 v Y
BT AT =2 a VIZBWTEDRFEE FEERREL, O
AINEZ R UTe. A% ITHIIRE 52 S ORI IS, #ize
WD OERRE 2 L, Ekry hT— 7 HiEE S Oy
TOTF—4ty NETHLREO/REEDL LN TX 20K
BLIZNWEEZ TS,

X m|

[1] Sun, J, et al: Saunet: Shape attentive u-net for interpretable medical image
segmentation. In International Conference on Medical Image Computing and
Computer-Assisted Intervention, Springer, Cham, 2020, pp. 797-806

[2] Wang, F, et al: Topogan: A topology-aware generative adversarial network. In
European Conference on Computer Vision, Springer, Cham, 2020, pp. 118-
136

[3] Shit, S, et al: clDice-a novel topology-preserving loss function for tubular
structure segmentation. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2021, pp. 16560-16569.
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T 7 —BEEFFCERD 2T 4 v 7B T A VT — a TR B FHiC B9 2 ERER RS

RS2, s AR
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STERYTIRUT 4 TELY S —
Evaluation on Semantic Segmentation of Color Laparoscopic HEVC Images
Norifumi KAWABATA™"2, Toshiya NAKAGUCHI™
*I Education and Research Center for Mathematical and Data Science, Hokkaido University

*2 Computational Imaging Lab

*3 Center for Frontier Medical Engineering, Chiba University

BEE  EABEGZNXESTTO BT, ERAEBRORE - B - ST O RMLEEE LT, RO B WO O & ER O F A 1T
ZHZEITEETHD. HENEIO—2L LT, EEEAL= 7»%7%7 TRVt~ T 4y T ATV g
DHD. FATHETIE, B~ T4 v 787 AT —2a VORGPOMERICET2FANM TN TEZ. ZThbDE<IE, =a—
STy NT— 7 REBSENCET A5 A — 2 2B EET- b DONRE L, FALNLT LS E B ORMECEE S E & Vo
BB - HEHASGMICE L TWD LIXNW 0ol 200, EREGICBTAEBLE Lt~y T v BT AT —va vk
OBREFRITH LTIV, AR TIE, BB S0 B TiER EOBEBO LRI SWTERBRICE Lzt~ T o v o8
AT =y arvERFHTHIET, h TSRO~ T 4 v 7R T AT =2 a BT ARHIIC W T DOEREIT o 7.
¥—U— RN :HEVC 5k, BE~vvT v o7 AT —vay, IRV 7, (G, BB

1. FAMNE

2010 FEARLAME D T i T8 8o B W TiE, A TEREEHE
BRI T L 7= B i AL - B9 2 e it sD ST 0,
o, REEiAH=a—T Ny NU—27 ZHWTEHHERO RN
INOREE D WEI S ENC B L Cli ST & 72, L LR
5, EAEE AR D RSN R E, kRO
VP UbEL 25 & RO, WHART AT Y XA ET D N Sag
EREETHDH. EFIIEIATHICE LT 3DCG D&~ @G @250 rame)
VT A 9IRS T2 3 v DD AT — L 1R, BT '
—EESEmGE OB K X EE B & LBl N BT 2 et
R1&1T>T&E Tz, L Lad b, ZREMREGTEBIZE Y LN :
TH, BB EIORE BT, BT, ER RO ——— T
mE e~ T A IR T AT — /a/&@%%i%%ﬂ
TR o =D CTRIET 2 LER D 5.

AFETIE, 77 —MEEGA S LEBRICE L~ T v Y

-,
(b} Q=20 (1 frame)

CT AT 3 LICONTRE AT, BRI, T % M Prsr—
v M EFIFEE Y FOFHEEITS 2 & T, BEEToT. 1 ABECEE L E S
2. BEME
BIEMFIEE LC, mgHbeBE Lt~ T v 787 2 KOS LTz, gL B 080 2R U7 P T TS 4
VT —3 a3 [3]R U-Net = HW =ik E Tk 48R b0 F 15 BEE 7 L—LEEBE LTV HLELDTHS.
2. AR, BT —IEESERIC BT BB T e v 7ok, A L7-BEBITRE DIRFIT 41347 > TV 720,
VT4 IR T AT = a v OBRER BN LTINS, 32. EERFIE
3. BRVFa4voETAVT—aY ERFIEZ T ICRT.
3.1. AR THEAL-ERE# (@). F7°, MEHEEE T FINEEG (LUF, IEESR LG 720X
AWFFECHA LZEAmEBE, K 1IOoRT L9, NIRRT FHliE) 27 L—AEIEER S LY 0 i UAEE4T 5 .
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X 3: ERYBE D DD T A DIER

ARFIETIE, £ T 426 %200 H L.

). ®iZ, 7L —2osFIEEEE LUV H LT 426 L 0fEE
$Hmf% (1280 x 720 (pixels)) 1ZXfLC, ABFIETIE, 1
TL—LHDT L—AFRIEEfE A RIRT 5.

(©). 18214 7 L —X)DOEEICH LT, Eifg2ikic, HEVC
T k%475, 22T, ®1{b/¥7 A —% (Quantization
Parameter: Q = ref,20,25,30,35,40,51) % 7 Y &%E
L CH LR 21T 5. H.265/HEVC %451k & B 7- i
Ty FET A MEGE LUTHERT 5.

(). MEFEsEmE T —Z 12T~ T 5. RRFZETIE, K212
T &K 912, MATLAB R2022a @ Computer Vision
Toolbox IZHEH N TWVWDHA A —YF T — (Image
Labeler) & FAWCT_Y v ZALER 21T 5 .

@. TAL (TAMEBLE T VVER), I GEmE s Z
~OVE) OF v MEEGEAIAR, Ny TFHA XTT 5.

®. v~rT 4w AT arD—FETHD U-Net
ZHNTR Yy P —7 2 E S, §ilE 10 BT 5.

(9. BBIZ, Xy bU—2 OREZFHET 5. AT, £
TIVOREE & RIS A AV TRl 24T 9 .

33. RBAEEEFAMAE

MATLAB R2022a % i\ THEIR D T <L 1T 2470,

Anaconda 2022.05 @ Python 3.7.13 1250 7’0 /T L E{ERK L,

U-NetiZLbdxry hU—273RI2ky, EREUFHMEEZIT- 7.

4. EBRERLEER

FEFER A 3 (accuracy) , 4 (loss)IZd. EBRFERND,
TR T BN ERDHIFE, accuracy 1T EH- L, 10 [BIZ#& 2 HLE
[T 100%E< ETELTRY, FERORNR OGN, T,
BEBBIZOWTIE, =Ry 78D B HI1E L, loss (TR L,
10 A% #4& 2 DEIZIX 05 T E TRAB R b, 2o Z L
O, FEEENIEH TR &R & T,
5. £&EH

A5, U-Net & AW SIS EI03 7 7 — G gt o
ety MCUXUSFRRTHEMER R ENT. SH%DORE L

maodel accuracy

10 1

=2
o
.

val_acc

accuracy

=
e
L

=
¥
L

0.0 1

4 B B
epoch

2 SEEESR (model accuracy)

maodel loss

=B
%]

104

09 1

08 1 — |oss

val_loss

loss

0.7

06 1

0.5 4

4 3 8
epoch

X 4: EBRHEE (model loss)

LT, & 0EsM7 = ESRAET 2D T <.
ABFEO—HRIL, THERET T 4 TEILYRY 2 —0O
HOFTEMENZDOT, L Ed.
MEHEROFE
AWFFEHAT 2B T > TOFRGFFERITEE.
X @

[1].  N. Kawabata: “Data Set Production and Evaluation for Semantic
Segmentation of 3D CG Images by H.265/HEVC,” Proc. of The Eleventh
International Workshop on Image Media Quality and its Applications
(IMQA2022), SO-4, pp.107-113, Kyoto, Japan, Mar. 2022.

[2]. N.Kawabata and T. Nakaguchi: “Laparoscopic Image Region Segmentation

=
(]

Based on Texture Analysis by Regions,” Proc. of The Tenth International
Workshop on Image Media Quality and its Applications (IMQA2020), PS2-
4, 6 pages, Taiwan, Mar. 2020.

[3]. D. Guo et al., “Degraded Image Semantic Segmentation With Dense-Gram
Networks,” IEEE Trans. on Image Processing, Vol.29, pp.782--795, 2020.

[4]. E. Thomas et al., “Multi-Res-Attention UNet : A CNN Model for the
Segmentation of Focal Cortical Dysplasia Lesions from Magnetic
Resonance Images,” IEEE Journal of Biomedical and Health Informatics,
Vol.25, No.5, pp.1724--1734, May 2021.
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Encoder-decoderCNN % FiU 72 /% v F_— 2 MR B EERICET 285
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Study on Patch-based MR Image ReconstructionUsing Encoder-decoder CNN

Yuki SATO™,

Kazuki YAMATO™,

Shohei OUCHI",

Satoshi ITO™!

I Utsunomiya University Graduate School of Regional Development and Creativity

B BRAHR=a—TNFy NT—Z(CNN)IZ LD

decoderCNN T#& 5 U-Net Zffi [ L,

HERZEf] TP MR
NELL, BigE Ny FALT 2 EMETE2/BMOREINENTD. RFFECIEEFEREGOMEZWET 572D,
SZRION Y FH A XL RO ME & OFEIZ OV TR E/T - 7.

BB OBERERICB W T, CNN OBREZZ(hsE 2 L2 RY
Encoder-

[ S D AN

—va VORER, TN A XOBEBRTEETLHELV B LNy T A ADEBTEETLHZ L, BEY, UNet OfFHE R

v FHPA XL O LT R
22;:';]
FCEX LR RSN,
F—U—F: R®EPE ZFY, Ny TFS—X, MRI
1. FC®HIZ

MRI OFEIIFRGIHEMOE S TH 5. BB CIIEEE
PR MEIZ R DN, mEE RS E 15D 1203 A R
BEEAT D22 L2 B 72\ . MRI OHRIGHEM %2 Eik 4 2 Fik
LT ey IREBFEEFHN L TORDESNS
MR Eif§ % PR T 2 e T T D . ZHUC X 0 IET
IG5 Z HIRC S RMGIFH 2 B2 Z N TE 208, FAK

ERIZ 72 DA 8 D 2 & X0 I 72 PR 1 A A L
MEzBETLRERENS L. BrAHL=2—T LRy NU—7
(CNN:Convolutional Neural Network)(Z & % E[{%Z2[i] T MR [H
B OFEAERIE, CNN OREIEDHEHMTH 2 52 CNN D/X T A —
S DORBEENR G - BOFEMERZ I TSI, L
72L, CNN OSZEEICHET DI <, AR & Bk
PERE & ORMRIZIH & 2 Tld 722V, ARAFFE CTlX Encoder-
decoderCNN T % U-Net[2]% FI T, MR Ei{g O HHERK %17
BEAG DRy FH A AR EF 2 & THEAERRE RO
Ny FALRZRIIZ OV T ORF 2T o 7.

ST F

B AITV,

2.CNNDZBHFERAT—OH

ZRE L IEREEE 21 U T OIS T DE 5 Ma
ETLDLEIL, ma— U PEFICHLTRIETHZENTE
LMD Z & EZFFS. CNN T/ A Aot hs— 41z,
WEEEZHDANNOBMEZRE L VR D.

AT =% 4 O U-Net 2K 1 1ZRT. RBFFETIE U-Net O
W T U A RDFHE~ v 75RO JEE —DDARAT—V L
EZD. AT —IURIT LY U-Net DRSO~ » 7 DH A X
OEANRE D20, N1T—F DA XITHIBRRH 5.

Bt s Z LI kY GO
Ny FHA ROV RADHI R GEEREL, BRI Ial—varzfiol.
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BaWETE 5T LR,

Sbig, KmAZISHL, %
ZORER, PG OMEE S 51T

w o4 b1

HAh

236 128

»l |-o|»|» m-u»[lwl»]

tnjub LILILS JI | IQ D89 mmEme
>|¢ __|a.: §|’ N
§|- :|e :c|=c :H. \IN :
= ‘I\' RAT—T4 E——
—_7\T o3 F— —
RAT—92 AT—43 RAT=V2 25—

ATF—1
FRAHI3 HAT4T1RASAF
- BatchNommalization
RelU

»747—1472 x2
X 1

W) VoT—u T 22 RESMK2 W) g5
W) 20430 F0UT1RRSA K

AT — 8 4 D U-Net

4.3 L—>a vEH

fifff L7= MR B0, IXI-dataset[3]i2& £41%, Philips #1:4
MRI (1.5T) 2 & o THRiR S 7z 256x256 DFETR T 7 N U H
WA TH D, B, WAL, 7 A NHICENE 100 £, 40 K2,
A0 AR L7z, T A—Z BHFIEIC Adam, HIRBIEUICFE
¥) TR, FEAEIII X 1073ICRE L. £ 1, 2 10
MR T. CNN OFE B X OB AL MATLAB2021a
Zfffl L7=. %7 CPU IZ IntelCorei7-7700, GPU {Z GTX1050Ti
EHAWCTEEROT A N &7 72, SR & 53 5 72912,
PSNR(Peak Signal-to-Noise Ratio) & SSIM(Structural SIMilarity
index) % H L7z (G2 DOT — & A X1, 256x256 & L,
FRIEETINT T UuE L L, FEZEMO WL 50 17%5E
WINET D LOEMH Lz, £72, HFHLEESMS & 87—
COEBINEREEFINES M ZK 2 1R T.

#1 CNNODRT—IH b Ny FH A XD
AT =8 2 3 4 5 6
Ny FHP AR 10 8 5 2




K2 NyTFHARX, Ny TAPTIAF, =Ry 7 BORRK

Ny FHh AR 16 32 64 128 256
RNy FALARTA R 5 11 23 43 —
TRy 7K 100 200

2 HRALEY T Y T RE— (B HIUER 40%)

5. FERICNRYFHA XEZEETHFEEHRE

2 3 WZFHEHI NNy T A REEET 58550/ FH A
REARNTA RERYyFH A XORKRERT. THA X%
10 =Ry 75E L, 5 TRy 7 ZEIZT YA XD B8y FH
ARXE 16 TONELTH. Ny FHA XN 16 FTHhEL Ao

Teh, FIeTNY A ANBIRZNT Ny FH A XS LTHL.

INEII0ZRYy 7 £ TI{To. Z0OY T2 —v 3 UiE CPU
{2 IntelCore i7-11700k, GPU {Z RTX3080 % H W T2E K UNT A
N EAT ST

£33 RuFHFARXEXNTA RENYFHA XOBFR

Ry FHA X 16 32 48 64 80 96,112 128~240 256
RNy FEARTA R 5 11 17 23 29 31 43
Ny FHA X 4900 700 169 324 100 50 25 10
S, ™ N -~
6.EHERIAL—>aviER

3 ICFHERS B PSNR, SSIM, X 4 \ICE Rk 2 "9, 3
TP A ZNRREWVIZER S EV PSNR, SSIM &R T A7 —
VHBRRKEL ooz, Ry FHA X &Y BEZT-GE256~
16)73 ¢ H PSNR, SSIM 23 <, H—D /Ny FH A4 X TlE 64 X
64 DEZAETHR Y PSNR, SSIM A< 2o 7.

7. BR
Ry FH A ARKE L2 HI294T PSNR, SSIM 23 & 15
KBRBAT—VHEPREL RBEABH D, ZIUEIATT S
B OV A R LT ZRERH Y, LI/ HENL T
DICONTHEEMH LIS K 25 eEX D, FH

316 0.978

312 0.976

31 0.974
30.8
ey L ' I. o I
30.4 L '
302 0.97 [ B

16x16 32x32 64x64 128x128256x256 256~16 16x16 32%32 64x64 128x128256% )(7

25— I3 RF—Y [ b4 RF—JHA

RF— TS 27— V6 RF— M5 27— U6

3 RNyFP AR, AF—I%L PSNR, SSIM O Bf%

4 PR LR

(a) FERAIR, (D)FHBRAR( Sy T4 X256, AT —V4S), (FHBRL( Sy T9 A 2 64 77— % 4),

() FFIARAR( S FH A XG0 )

W2y T A X502 72 85E O PSNR, SSIM AN b i <,

WIZ S FH A R332 & 64 DA D PSNR, SSIM 235 < 72
Sl ZHI Ry FHA REE VXD 2 & TR D RS A TR
HLRLTLRDTEDEEEZD. TP A X256 DEEITS
TP A X 32K 64 DREIDFEEHH LT WNEERD.

8.FELH

U-Net & iV /2 MR Bi{E O MR 21T o I iR, 74 X
DOEBETERZITHI> LV b, WL Ny FH A X Ty F{bx
T2 &, AT —UE o TV XL O LI ZREFICE
bELZ L, BEXWY, =Ry 7 TEIC Ry TV A XEFHET S
ZED 3 RICKY BHEREBOMEERRETE LI ENRE
iz,

HEE

ABFFED—FIL, BHEEFTEE B4 (19K04423)12 & 0 FEffi S 4
7o, Fio, AWFEEBITT DERICHI L7 IXIDataset 2 $2 {9
% InformationeXtractionfromImages 7' 17 ¥ = 7 MIE#HDOE %
#KLET.

FImEROH R
L
Xk
(1] S.Ouchi et al.,Magn Reson Med Sci 20: 190-203, 2021
(2] Olaf Ronneberger, P.Fischer, T.Brox, Medical Image Computing and
Computer-Assisted Intervention 9351:234-241, 2015
[3] “IXIdataset, “https://brain-development.org/ixidataset/
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7 VRNVEBEBRDOT Y T VERIC KD MR EME Vv SRR OMRREGE
BrER BT, g —HET, O BT
TR E R TER SR MU A R AT E R
Improvement of MR Compressed Sensing Reconstruction
Using Ensemble Learning of GANs with Fresnel Transformed Images
Shinya ABE™, Kazuki YAMATO™, Satoshi ITO™
! Utsunomiya University, Graduate School of Regional Development and Creativity

EY T, EEFEERIM L MR Eft oo v SERERIEOIRESIER S TWA. xR FENMER SN TV D HIZ#EcTY
ARy N T — 27 (GAN)ZFIH LI RB B RN S 5. AR T, GAN ZFIH LB 8 s, 7 U x AV A IZL D
BB LT U TR EEAL, R E OWEETT O FT R B OV TRE EIT o 72, 7V RAERIOEOE
ORFRE LG ZDEHRTH D, BIFICBRT BRI LV EENET 0T, —ROTF—F OPEENTIREL 705, JLELZT—
2w L, ENEI GAN IC X D EHRRZIT, 7o v T8 aiTo7, By 2 2 Lb— 3 VORGORE, #Ekomigo
HE BT LG EEIC LRI RN E LT,

F—U— V. HEEEE, GAN, 7 L x LA H#

1. FLBHIZ 22T, RQIBTBF[ 17—V =4, Rk )ITpx)D 7
Effi v > o ZI ORI £ 0 MRI OHRARIRE R % 45054695 — U EWEBTH Y, EESNDEFITHEYTH. X)) b

T LSHREE TR D03, TRME R & FRHE R O S O )R TRIVE MR {5 5R(EC 2 IRONARL R Z G- 2 21200 THESIZT LF
DD, T b ORI E RS 5 ik e LTRSS E 2RI NEB(E 52RO D ENTE D, £, FEALERE 22§

LMENPITORTND. 2 Th, BRIERR Y hU—7 b KMEEDE L, [MTOREZ 5 2 DAEIHERE b %
(GAN: Generative Adversarial Network)[2]% CS-MRI (Z )i~ L 7= HANWTKBR)D LR FTZ LIzT 5.
DAGAN(Deep De-Aliasing Generative Adversarial Network)[3]/Z b=hb 3)

REREREZFHERT 5L TMON TN D.
T TR [4)E, %O CNN AT L C g e 3.DAGAN [T B T LRIVEHREBRDHTE

REITH 2 ETCHEZM ET 52 ENTX . HOF WO RIPT DAGAN (Deep De-Aliasing Generative Adversarial Networks) [3]
ELTHLND 7 LR VERIIIE Z GRS LI ED T L %, Yang HIZX o CTHRESNZEBEMEK R Y T —27 Th
HHEEMSEDLZENTEL. AFRTIIZORICERDL, 5. GAN |3 EMBIZRE VD 2D xRy U —2 Zfi H
MR G505 7 L RVEBE BB L, 7 L VBRI % T %528 [2], DAGAN TIFAMER~DO AT 2B 1 7 ¢ /L FEAER
HEET 5 CNN ZBML, #¥oo CNN IZ XY EigHEE 51T 5 BEL, a7 s VEERBENLT —F 7 77 MERELZE
TV TR EE 2. BERETHLOICFEIES. £, MBI oA T— 4

T LR NVEHEGE DAGAN X VHEET -0 RS & AR R 2R3 5 X o IcFEE T 5.
DAGAN O %> b U —27 % 2 F % »F)V AN L, @H O
HEE D CNN O 7 LR VEME 541y N —27 DA &
95 CNN & HE Lz, 1RRIEOR A REET 5 7o HIC i ElHG T-UIES J-YIEE 7-UIES
AR 24T\ PR AR B D S R A AT o 72

TINTF—4 G ZHEMEEE 7L RER

§5

2. HED I LRILEH

&
p() EHEGIREAR, bEIEPTICHT BERML, x'% 7 L XL 73y =% " ’
PHOERE T2 &, 7 LRVEREFITR1)TRTZ &0 7;; = %d
T 5. #E HEEH ;ﬁ;i;l/zlib

- 7-YIfES zmEs
u(x’) = [ p(x)e Ib&' =% gy ) © o

RDxNZHONTT7 =V B EITH &, WARFELIND.

Flu) = [Fe e/ SRk @ B1 7 LA ERERHE O
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T VRNVEBE B EMENT 21CH72 Y, HEKICHHE L 2

F ¥ o RIVATIDOERRE D BT AT - 1o EREOHIS R ERT,

DAGAN O % & b L DAERKZETH D UNet[5]2 2510, HEK
B IR MIALTEE D LT TW D, A INEER L
BEEfE 2 F v oo TND,

7 LRV A R U7 B AR R O 2 ) 1 DR
T T, ReoEmELEEE L UEFOMEIEE1THY. 71
INVEBE R, Eu 7 o VEFINHEETREEZ R LD ET
BEZENTE, Xy b= BB 7 4 MERICL DT LR
NEBIEENS, TVT—2EEICL D7 VR VERE B & HE
ETDEICHEETD. Xy U= BHEE L7 LRV
FERE7—V =AML, WHEZFECTHrLY 7 — ) =T
5L CHEHERERESS. B, fiET -V EFEITE, B
DEETCHEZEERZINHTHLT —F I VAT —
7o TV 5.

5. BEfRBEEE S aL—Yay

FH LT A MY A MR HifR1Y, IXlidataset[7]ICE i
% T2 FRFHFEE MR G D25 2,500 ¥ % 8 IS, 1,297
RRFEAIZ, 50 &7 A MEEICE R Lz, g% 2 koo
EL,BRTESHEMENEINALT VT L FEERIC X B1E BN
L Ll MlE T — R I RERT Y v -5 0 A7 M5 &
L L, BEF—FH¥A XL 256X256, 1EUUERIT 40%, T
DIEAEFIENE 30 51, FLLSOFNE 3 FIC 1 FIERET 5 H D
L, IUEFIDNEERE L2V E W HiliNE 52 7.

FERTIE, 27— BT 2Ry I 2 b—2a U ET
ST 1 DEBERIETH D AEREREZ T LTV 720 DAGAN,
2 ORIFEFEBISOEpkdr % #H L7z DAGAN ICXVh=
0,25,50,75 D54 O FAEREHR O INESE-¥) % & 5715 TH 5.
FERE R {5 O BV M 1% PSNR & SSIM[8]% {5/ L 7=.

XK 2 IR ITRER T, IRREEIERIEIC A E L PSNR,
SSIM Z7/r L, X3 OFMEKEE CIX, RERIIIERIEIZHA
T—F7 77 b OBREMEEICEN, EiGOMEESEOFBE D
EWZ LMD, TLRNVEEFIZBWT h VS0
A, BT —F 7 7 7 MRk 2 29 D REE D HY

36.00 1.000

34.14

32.23 0.981 0.990
32,00 0.973 —— 0.980
[--]

5 0970 o
& 28.00 —— 0960 5
8 24.40 0950 ¥

24.00 —— 0.940

0.927 0.930

20.00 0.920

€07 1 VEIBREK ERIEE ERHETE+
PAZ V% ]

= PSNR[dB] = SSIM

B2 PSNR & SSIM

WY BEmAH 5. ZOMEICEY, MAETEEREROME S &
IZ CNN ZNZENR, ST HhO 7 VR NVERE SO T —F
T 7 FEREET LD, FNLOHEEBOME Y E LD
ZET, 7—F Ty MREMREBER LICHFES Lb DL
EZD.

6. BPDIC

MRI OJEMEE v v v FHERIEOVERER L2 Biy & LT
DAGAN DA OU B EIT, E5HIT, 7 LV RAEHE %
WET LT 7 NVFEEEBEAN L. ZORER, 1ERIEICHT
NEWHRERMERE R R T 2 EMER SN S RIE Ry T —
7 DREFEDY R 2 i, DAGAN O 722 A HERem E&21T75 T
ETHD.

BEE
AR —Hx, BRI E B k4 (19K04423)12 L v i
SNFELE.

F2RAE K D F %
7L

X W
[1] D.Donoho: IEEE 52: 1289-1306, 2006
[2] LI.Goodfellow, J.Pouget-Abadie, M.Mirza, et al: NIPS: 2672-2680, 2014
[3] G.Yang, S.Yu, H.Dong, et al: IEEE 37: 1310-1321, 2018
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[6] C.Trabelsi, O.Bilaniuk, Y.Zhang, et al: ICLR: arXiv:1705.09792v4, 2018
[7] Biomedical Image Analysis Group, “IXI Dataset”:
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A7 V7 CT EEHER OB LV BERE & SO SR EMIEORE
THE e
B RV AT AERR
New Exact Approach to Interior CT Reconstruction and Ultimate Accurate Reconstruction Method
Hiroyuki KUDO"!
! University of Tsukuba

BE AW TEHAYT YT CT OEGFHMHEREI FV, WIRICET 2 EBRERE 2 HORWET LW EE#RE L0k X 01X
DN TR\ N FEBR S T C SR I B RS & [RISE O mRE E C R AL FTRE 2R SUAR O fRIE A R 2T 5.
F—U—KF: AT VT CT, BEEHBKR ~T7or—Ta, BEOER

1. FC®HIZ

AFSCTIE, BRI O/ S 72 B LR (ROD) O AT X #j
ZRRH U CHIE Lo Rogfa 7 — 4 15 ROl O %
W3 24 7 V7 CT OEGHMERETROES. 17V 7
CT OEBEFHHRTIL, REERET —4 Tho il OH
RERIE CIIRE REE L ERIRET D03, BEH DITL Y PIRIC
B2 Z< P2 SeBRIBH & IR B0 B 7R i
ERLSFIRE/R 2 E VR E N TWD  (STER[1]) . AL T, %k
RIFHEH 2R H LWEERE A RET 5. BEFIRIL,
WHOA T VT CTHRET —X I, B/ aEfRRE (K
FRNFE 22N B &b L) iRk E 3 —F
LAY T X2 LEFRSICMELT, A7 U7 CT
BT —H L 2fE T — 4 AL b CHEB BT
ILDOTHD. RS — X B HIET A ERMIIR TR
S EEFERNIFTHE R B a TRWER D W 5/ < & H ROTD
BB T OREREBHBEEN AR TH D E WV I &
Wk, BFWICERT A 2 LTI LT, BID, AFETHY
DERSIBET — X ZRIOICHT 2 2 & 23R A5, MIROE R
Ay (iR EE O MR EIROKTL) OAN T —fED I % i
THFRICAWCHEIBE CHMERZIT O FIEZRET . AFIET,
HREHRE U TIROEEST &V 9 minimum O SEBR{E#R L
DT, FEERMICIERIC LT EE L LR OB ARIE & s
BHEREISEWR R L, FBROA T VT CT B HRE L S
2 5. R CIRRET 2 FENFEENCADICEET 22 L %,
VIial—a VEREET—FEHOEERIZE D RT.
2. REFE

D A>7 U7 CT OMhifg AL

AT VT CTOFRBEX 1R T. X BRRIURE D5 &
fx,y), WENEICHD (DIERLHLER E) RiWRAEDRL
I (ROD) #STHRT. HTE— LG XNDHE, X#Hi% ROL O
FHCHRE LT 180 [EAERPHOEZRE T — X pr, 0)ZWET 5.
77— FROYE, X #E ROL OAHIZIRET LT 360 &
HHOBET — 2 g B EWETD. Z0&EET — 455 ROI
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SOEHG TR T D00, A7 U7 CT OB E#KME
ThbH. A7 V7 CT OHEGEMERIEL, WEL-&RET
—H DEROHRTIIEN —BIZEE RN ENAMSNCT 5
B2 H 1T B REDRMRFIETH > 7223, 2007 =LA SCHR[1]
LI L0 T T mIRIC BT A e BIE R S, B
REGERERATERETH D Z EIRENTZ. AL TR, 1) ¥
IRICET 2 EBRIEROR D IT@F DA 7 U7 CT THIE L
RV R T — ¥ 2 RSICHIE U CE 72 B FAE K & 1T
2 H LSRR, 2) HER K VXD T W EBRER T
B B vk & [R5 7 WS OO R TR AR RS FTBE 72 JE MR O
EREEEE, D2 OREETS.

L PEfm) ROIS T
3 S mafey) RS
Sa -
™ X 1 / sy !
— BRT—4 ( y
T s

&)

X1 A7 V7 CT O ZRTHEAK

2) SEERIEwAE AWV EE ML CCikR2]D REFE D
RETFIETE, IR TA T VT CTHRET— X2z
T, B2ITRT L DI DA EFFHE D ORI E N —F
LAY T —% (HMTE—20%5E8p.(r,0), 77V E—LD
Ba g, ) TET) EMEMICHELT, K1 K2 0kE
T — B ERAAE DT CHEBERREZT O RFEIZB W THE
FIL I b BLBR DS & 2 DI, BFHIC RS C 242 TE 72 B AR DS
ARE/R - OICIE, SEaRET — 4 Z2WET 2 AEHBET D
FREVIENE VWO RMBETH D, ZORMELZEEMICELZLT,
UTOEEOFEELFEN L CUHk2)) .
[fRO—BEM L ZEME] K1 O&ET —2p(r,0) (£7idgw, B))
Nz, BEXRER TRWAERFAENOK 2 ORET—#



pe(r,0) (Eizidg.w,p)) ZMETS. ZoLE, K1 &X2
DT — 4 105 f(x,y)IE ROI SEIET FHITEE D, W2
RRETHD. 2, AERIEEL, HFOICIMERE R T
RVBRD VL BAEL LD R

[rRe—2]
ELR/ET 42
pA(r,0)
ik
fxy)
=
At aERE At 5 A
E
E

X 2 BiEieA 7V 7 CT & a[REI4 A4 2 E

3) FeRoEE RS (CUER[3]) (RETFIE2)

WA, DML CHEIT IR DM R BT — 4 & FITHIE
THIEERFTLT, EEMICEEMENGEI T 2 FIETIE
RN BER D R IRE TRV 2RI BT 2 5EBRIEEHR L v X
BT T W IR IR T R A R TR L RIS R RS O
B AR W RB 2R BT FE R Lo T A FBR A X 3 12
R, LISRTA T VT CT T — 212z T, &k
TEREINDf(x,y) DWIENE 2R TOAFHE (B CO
EEERERE LTHWD.

C = [f, fx,y)dxdy (1)
=720, QIR FR— b (f(x,y) = 0TH D (x, y) DFiPH) %
#F9. BB, ROI SOATIHZ2 < HBEERIZBIT 5 f(x, )D&
FHEZ SEBRE IO D ORAKRTIET, ZHhIC X v BIfC A v
7 U7 CT THRAET DEMMIIERE R DT —T 4 7 7 7
MIBIRICEREN D, RO)DEBRIEREEET S ke L
TEHZLDONY =2 a v REFEZBNDLIN, LLTFO 3 D&%
B<.

BESD) rors

KBRIER (EROSIHE)
C = [f fCx y)edvy
kYR
Q

3 WRERA 7 U7 CT Z WREICT 2 SEBR s #H

(515 1] FRTNARRR E IR  fERE O S THEMGRE 21T\,
BiEEAFH L CCETRTS.

[FiE 2] FANARRBERSFERED S C—F M b
Er— A MEEITY, BET—FOMEEAFLTCETRTSD
(— MR T — & OGFHE=mEBOAFHE).

[Fik 3] R—BHEORE—EMOTRE THIIZHEMNAED - T
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HCOMEIFIZER U TH Y, LENCHRE LR —EF Ol
bTHET5.
3. Tal—Ya Uk

AU N TARNDERDBEELLA LTI TCTOT —FT 477
7 MAMEIZ 72 0 09 WERE CT EEiffg 2 AW, I alb—
vavEREToL. RETE SRETE 2N, ko
T2DLUTO 2 FEEFEE L.

[2—#/V FBP {£] MR THWONAfiERTIET, &ET
— & ORI M D e BIBCCHMT L% FBP I CHifg
HEETT D .

[Kudo (2008)D gk fiE1:] ROI SO NERZ & HAFE/NMEWBIZE
5 f(x, y) DIEDBERN & 5 JeBRIGH A BT, s 7 B T
Wil 2 AT 5. ARFBRTIE, SEBRIEIREEB & LT ROI SOOI
MET Y v 7 ROBEEE VTV 5.

FIERLEMR 2 X 4 1ICF L O TORT. RO BB CRIT N X
WA M9 % ROl SEEX L TWA. m—H/L FBP ¥ETIE, H
MRS DY 7 ey o —FT 4 T T—T 4777 MR FE
ELTWDDICK LT, o> 3 SOFIEIL ROI NI &R E
TEFCHEBHHERINTNS.

Kudo (2008)0 i 2 iR

O—AJLFBPk

M4 >3 alb—3 g o EROFHER S

FIEROFRE: 7oL

x B
[1] Kudo H, Courdurier M, Noo F, Defrise M: Tiny a priori knowledge solves the
interior problem in computed tomography. Phys Med Biol 53: 2207-2231, 2008
[2] T, A > 7 U7 CT Mg Tk, Fwrii2017-061390, PCT i
WO0/2018/179905A1, US,EP,CN,JP {1, 2017
[3] Lk, RarHRETFHT, May 2022
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ART WINT 4 VAT T 4 7 CT OBEERFEHAE G R RE
& FIET, B OB, LR et
TR R P RTEBE Y AT AER LTRSS LA T e T AR
Fast Statistical Image Reconstruction Method for Spectral Photon-Counting CT
Heejeong KIM™, Zena JIA™, Hiroyuki KUDO"
! University of Tsukuba

BE: ABMZETIE, AT IATH AT T 07 CT (SPCCT) ([CHW DM HERKEZIRET S, BETIRE, =
X —ER AL TG FERE ERCTABEFEL &, v T VT AEBREERE L TERLTAREFE2 D2 2Th
L. WMFEED, 1) BEHHESNAT Y o0 Thhd 2 EEBE LImEAF & /N2 ik (WLS) OF —XIEEFIM, 2) ZZM Ao
TV ERHBIEICN A KA T 2 ~T U T ANV THD Z L #FA L= v ¥ —J5 a0 EHIMEIE, 3) SCHA[1]9 Dykstra KA
Vo T 4 I KD EEICIR T B R TE TR ER R 2 HI, O LRASHTWS. 8, Dykstra B2 7Y v 5 ¢ o 7 THasd
TERICIR T B SAEE AR L CRHERORMBEL TR L7-D1%, KRERMELEZD.

X—U—F: AT NIV Tx NAT T 7 CT, SHEtEG SR, WERB, TV EANL

L. [ZC&HIC £, SPCCT (ZB1) % FHBRIEIR L, 1T41X & H\TRAT
IR, EEAR EOMBEIRBBFREZ R CT BREMIZE->TE RIhb.

D, FIZT 27V F T —CT ORDHERE L LT Spectral er

Photon-Counting CT (SPCCT) 2MEH SN TW5. ZDLEE X = [Ry %y o Bp] = [y 7y - 7iy] 527 (1)

Photon-Counting #i &% (PCD) % /= CT #@&ETH Y, PCD é;\T/I

ERAWT X Rk VX —FORET — X ZRl2ICJllEL, —
HX— OB % I 2 TR L T2 BB R AT O 2 &
INA[REZRSEE & 72 > T 5. SPPCT I, i@% D CT &R U —\]
DAX ¥ U CHHEFRREITH ZEBTELRERHDH. L,
TRV IR T — X 20T 2 DF =R LF—DNT
s 7e 720, BRI S R & VMR L —HF O i {5 FEA%
R HEE OB CH L RIBERNH D, £ 2T, A
JECIE, % CT ORFHAYEGFMEREZ SPCCT (2P L7
B LW EG AR RIE A L. #5IZ, SPCCT DO7=® D

72120, X Xy Xl R —ESEBETHE LA
NX—E U DEHE, My m, - My 1T RITE D MIEORA
WEIZE LTo~T U TVl é, €, - éylIBEAME DR
AR DL M vEFR LTS, SPCCT Omifg FAERRIT,
EflOT X NF = OFET —ENHHETRLE—E D
PR EAGR, Xy - X EWBE TN EAT o T~ 7 U 7 IVE B
my m, - My ZRODIEETHH BETIEL TIE 4 X, X
AL LT, AOFHIR# A e/ Mb3 5 2 & CHIRFHEAL

FRRRICHEAET BB TR L iU, 1) makiesanr vy 207 . .

=) > - =] : =_ . 1 N - N
IATH D Z L HBR LT EAT E R/ 2 RiE (WLS) OF miny f(X) = Ez 1A%, — by |I3, + Zﬁlllelw
LEEFIA, 2) 22M5 o TV ERHEEIZN 2 90K 2 f k4 I=1 =1
DT UVTNARLETCHDLZEEFIH LI Rf VX —FMO subject to Rank (X) = M )
IEHEIE, 3) SCHR[1]9 Dykstra BA Y v 7 ¢ 7 L D 7L, B IHEBEIS=RAF - ORET —ZICxT HH

BRI AR T 5 AL CRHERR ZHI, O3 R THD. 1HE 2) IfTx 2 REEOMARL, B2 HEEIETRLE—E L OH
IFAFZE CHMHAAENTND DO TH DA, 3)NEAZH L O BRI L &7 S TV EAWEEERT. £, HI0&EIE~T

AIMERB WD ENMESITONS. V7 AENDEOMBETHLZ EaEL, ZhIZ X BEMIC
2. REFE TRAX—FEOEANLETT> TN,
RO B AR I, MIET — & & FRE RS O A % ZOFEOREE LTI, MERERERII~T Y T M

Tl 27 — 2 HEEBROET AN LERIN D EANKEHED DE (=X AVF—BEXLV/hSV) ORT, KK~ L
T IR S 2 Rl RS &2 B L, BUGE A XV f&/ME 8y €, - Ey DIFBUT NI T AL OB TRIFFIKRE %
T5 2 & TEGHMIREZIT ) FETHD. AR T, #EF ZENFBToND. WD, MASERNIRIOMIEN G EH T
B 1 LIREFE 2 O 2 ORI 5 EAITIES < EHE R WD KD RGO AENRTIETHD.

EERET 5. 2) BEFE2 (T VT NEREERE T HERL)

1) REFED (=X —mgeL8 e+ 5EAL) EHRH CT TiE, HRICEENDWEITFNCBM TH LT
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B, BJEY hLé, &, - euidBEamTh b, ZoGs, X1)o
BT —HATEICRATHZ LT, ~T U TV A e LCHl
B EIT) ZENTE D, ZOEAOHEE LB,
RO X ITERLSND.

Ming, 7, ... iy, f(my my - my) 3)
1 E M M
=5 Il <Zemi> =Bl + ) Il
=1 i=1 i=1

L, ZoERETIE, TV EAUGIZT 2L ¥ —@ig Tl
=7 V7 NVEBICHEHATS.
3) Dykstra ®IA 7Y v 7 4 7T K D RAETE

BETE 1 LRETE 2 ok ek sh /M
%, SCHER[1]CHEE @ CT 1% L THRE S N7 Dykstra BLA 7Y
v T 4 IR DR KRR VTS IRETIE L
EFE20ELLOMBELM Z ENFTREED, IRETFIE 112
BWALESAGOT VT Y XLEE LIORT. 2L, RETE
L IZH1F 175D Rank FHRGEAFRIL, =R F—HgERIAT
HIX % FE A8/ % L C Rank %M E T¥% &4 Hard Thresholding
WZEVEHALTWA.

PO =0, =03=12,--,1), 50D =0,Z")=0(=12,-+,E)
—k=0,1,2,--+ Main Loop
F1=12,--,E IRLE—DbinEEDloop FIRILF—DERITH] A IZINIE
D =3O +Z0 1)
i=12,-,1
Jwilb, =@ Z 0]+ 1 () a
l+a W/IH&'HZ T—REDNE

SN =F W)+ da, w0 =P~
T =prox, .y D+ FED)
FE O =FHO+F O =)

X(/LI+3) - Rank(x(k,l+2))

;C(le)(l) :)—é(/;,lu)(l)
[ 1=12,---,E

E(/Hrl)(l) — E(k)(l) +)~C(A,I+3)(l) _)?(k)l)(l)

i=a

TVIED L

Rank M #REH O NE
CCREHTHITRE (BESTRIILF—DEE
HEART D)

Proximal Minimization

(Qp %

F1 #BEFIE1ITKT 2 Dykstra ATV v 7 4 7 ORAERE

3. Y2alL—YavER

RETIE 1 LRETIE 2 OWFIZHIT 5 Dykstra A 7Y v
T AT OREEEFEE L. BGREEROZREL, ~T VT
NOMEFEM%Z 4 HE LTHERIZIT OG0~ T ) 7
KB IURERA - ARV =y LEFAO4AEE L. 2
NHIEFEEM CTIZBW T AL fibhdzd, ZhbOWEIC
HBELE. BUE7 7 FAO~F Y TAEBER 1 IRT. &
BT —ZITHEE R WG E OREFIE I L 2 FEkE% (=
T U TIVER) X 2 R0, BRI ET<IThit T
5. F£72, K312 Dyksta AT Y T 4 T OIKH DA%
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ATHY, MO TEEIC 4 [BIOKAE TIOR L2 OFIED R S
Az, WIZ, 412, BURSEF401.0 X 107 (counts/bin) DR T
VHEE AT — 2N L2 A O RS K TR (~ T ) TV
i) ZoRT. HEEORBETREATIIRWA, Mg Rk
TETW5.

Gadolinium

Todine

Bone

1 g~ 7> o (=7 U 7 VEG)

Gadolinium

Todine

2 HEED R WIGE O ER (R = R —Hig,
TE : ’\7?* U7 ViEi#)

025

RMSEfE | .

0 1 3 4

2
REEH
3 Dykstra 2 7Y w7 ¢ > 7 OYR O T

Gadolinium

4 MBS BB a DTG (~7 Y 7 L)

FimARDOEE: 2L
X #R

[1] Kim H, Sadakata K, Kudo H: Unified framework to construct fast row-action-
type iterative CT reconstruction method with total variation using multi
proximal splitting. Proc. Int. Conf. on Biomedical Signal and Image
Processing (ICBIP2021), pp.66-71, 2021
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BesF— B M NES 5 7 4 ABD-CT D
BEREEGFEREL ALV T—T 4 777 NEE~DIGH
OB, 4 EIET, TiE fEsET

ORI KRB AT LEHR TR

RHRE T T 1 7T A

Fast Iterative Reconstruction Method for ABD-CT (Adnormal Data Detected CT)
and Application to Metal Artifact Reduction
Zena JIA™, Heejeong KIM™, Hiroyuki KUDO™
I University of Tsukuba

BT CTOEGFEHERICEOT, FEEBRICBNTYA VI L8 ETREST—Z2BM LTI LTT—T 4 7727 FEEHIRL
7o FHRk %17 9 ABD-CT (Abnormal Data Detected CT) OBEEAHELR I TW5 [1]. ABD-CT Tid, L1 /L AR L0 /LA bif
REND BT — ABRINVIEN S DT —HIBE h—Z ") =—3 g2 (TV) 72 EOERNLEO TN HAFR &5 FHmE %R % K8
s Che/IME U CEIG SRR 21T 5 . AW TIE, Dykstra A 7Y v T ¢ v 7 O piRi s [2] 1I2HD5E ABD-CTIZHWDE
IR T 2 EG FERRIE 2 5L L C, ABD-CT OMBWRIEHATH DI AXINT —T 4 7 77 MEREMAR)OREIZEH Lz, &
BirtfeAm EEw b0, EAMBEE L CIEIERFT TV (Nonlocal TV) #ERA L7z, WA CT EEH A FA Wy I 2L — g 3

BREATOATFIEOMRE

AN L7255, ABD-CT 3N B S ENR AL - LR ENZ. FiZiX, MAR ORIBEIZHIT LTV

DURESE LR LT RE R, ABD-CT IXEESE LV BN EHEEHFOZ LB L NI 5T,
F¥—U— KR :CT, AX)VT7—F 4777 I, Abnormal Data Detected CT, [Hi{§ 1A%

1. [FCHIC

a v B o — X Wi Bk (Computed Tomography: CT) 1554
Wrif & FEREE CEBIL T E 2EIFCTH 2. RIS TIEAKIC
XpalHE L, AMEEFER L2 XBRERESTHELT, 55
N7 — 2\ ZHEBE RO T — Z B 2 i L T 215 5.
EEFEFH X #R CT Mt A RIC 1L, 2 E CRITMTFIETH S 7
o IV A IE W B 5 (Filtered Back Projection: FBP)E 2N W 541 T
X7, UL, BERAEICLD, thFsmi, A THeRYfiE
7R E&BPEEN TV L HENZ V. ZORE, @FELED
X #RE, e X OB 2 FRT D5, BT R F T AYK
TARAF—=OHGRED L RIS, fERICE R F—1—
IIREVHNZREE) (7 K) LTLEY. ZoLd ik —
Z\Zxt LT FBP {ETEBEMRZITH &, ERIZHROT —
TATT7T MR —AN— K=V IR BEAETLIMESER D 5.
ZOBRBEAZINT =T 4777 FNEME AZNVT =T 47
77 MIEMOBKNI K& aZEes 72 L, EMZRZICRE
PATRIRL 2D, ZTDIOMRIRAZNT —FT 4 7 7 7 FgE
DFENMERINTWD. [1,2]

2. REFE

AWML TIE, Dykstra A7 U w7 ¢ 7 OFFIRERE (2, 3]
IZHASE L1 VAP DIER S D BET — 2 BRIGIRN B 5
5 — % I8 L JEJR AT TV(Nonlocal TV)D IEAMEIEDFI) HAER &
2 FMB S &, RAE ML ChoMbT 5 2 & CEB R AT
5.

I LRI D R4 & 72 2 MBI S 2 (DI = 7.
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fp®) = |lAx = bl| + +BNLTV(X) (D
ZITC, THTEIILL IV AEANTEY, BREHEOH

ZWEUNCERINT D Z LA TE S, EHHREE UTIIERPT

TV(Nonlocal TV)Z VN TV % [3].

Z ORI % Dykstra BIA ) w T ¢ U ST ESL KB

gk 2] W CiEL, ZDT VT Y XLk T—T7 )1 TR

7.

[step0] #1HA1L
2@ =0, =0 =120,

for k inrange(1,n):
Fk1) = 3 4 70

[stepl]ZHEE A AN T 2 Y 7 BRELE

foriinrange(1,1):

=0,Z0 =0

C aTaki) _ A 112,00 -1 (g<-1)
q=_bl ap x _ 2”ﬂ:z” K 1={q (-1q<1)
alld;ll 1 (g>1)

[step2] BB
Fi+D) — i) 4 (Ht(k) _ Za)fil- .u'gkﬂ) = la

[step3] ERILICE T 2 RBtMBEERE. MOEHN

- Lk
= proxrx,G'NLTV(x)(x(UH) + y]ib

S+ _ (0, o 5
FEED = 509 4 gli+1) _ glkd+2)

f(k"'l) — 2(.‘() + f(k.1+1) _ Aﬂ,(k,l)

a>0

f(k,l+2)

Return ¥

T—7N 1 T RN

3. ¥3alb—Y3UER
BRI CT Mg 2 VT 2 = b—3a Vi 21T -



7~ I 512X512 (27 kL) THY, WSROk
Y, EOW, MBEBEZELL O 2~ EHFTNZT U4 MBI
o, 2L, YRal—varTIRERIIE L IEL TV A,
EBRETFAZIS, XBRZATHLI LR —Ln—F=
VIR al—vallRT I A REEFELT, BES
— X EER LT, FT, ZOFERIL, &ROBEBETRETD
AR OB BROIIRETIT o 72, LT O 4 B O
FRERIEEFEE LT Lz (K1).
[FBP|>' X = L— 3 v LT — Z ICEH: FBP L%
[DLSP-L2-NLTV] L2- Nonlocal TV {Z X 2 FHk Tk
[FBP+CNN] FBP (& CHAERRHEER LBy 4 —7 7 —=>
JaiEM (FE G0 8, 7oA AT 10 £) DR
[DLSP-L1-NLTV] f2£ Tk

ABZNT =T 477 7 bEREBOBIEOFEEZE L LT, F
¥) T FRFEFE(MSE), BgAE S OBLUE (SSIM) & FI VS CRET 24T
S>7 (F1).

4. FEH

ABD-CT ZH WA X NAVT —T 4 7 7 7 NEEOHHMEN
PR, 2> Dykstra ATV » T ¢ U FIZHS < EE Iz
WD EMEC L0, R T4y 2RV O TR R i 2515
LNDEAMR LD LR -T2, A%IE, ATFELEEEEEZH

HEDEEZHEL T, ERLIEEMEDOUEZITV .

Eitid
AAFZ21%, IST-CREST (JPMIJCR1765) DB Z=1T7-.

[FBP]

[Original image]

[DLSPL2-NLTV]

MSE | sSIM

FBP 0.018 | 0.61
DLSPL2-

NLTY 0.021 0.73
FBP+CNN | 0.008 | 0.77
DLSPL2-

NLTY 0.009 | 0.75

# 11 MAR BEfIZ31F 5 Bl b

Fl 240 R D H 5%
mL
X ™

(1] Tigss : Bes— 2B hE2 57 4 ABD-CT OHERIRE & H4i
#BIT. JAMIT2021 P4-07, 2021

[2] Kim H, Sadakata K, Kudo H: Unified framework to construct fast row-action-
type iterative CT reconstruction methods with total variation using multi
proximal splitting. Proceedings of 2021 6th International Conference on
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