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OP4-24  Automated approach for estimation of sizes of lung cancer on planning CT images using deep

learning with non-negative matrix factorization
MaZhuangfei (Department of Health Sciences, Graduate School of Medical Sciences,

Kyushu University, Fukuoka, Japan)
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| 1320~16:10 | TL1 [Beyond Deep Learning]

ER: Sl #H4E (RREESERAZR)

(W) HEFEZFAH LS HEIN TS, SBIFREZED 5 72D121%, RFOEREE OB % it
BT AH20TlEAR, BELOEREFWHMICL, 7= FIERETREOMFE L EOBEKLETH L. SO
JAMIT F 2 — U7 M, KEWIBPICESCHRESNS Ta=% 3 7 v 7 BHEERE ) JAMIT N> X%
YIS —] L LT, EHERICBT AEREEEOFERIC O W TEP IR AW L. i1 T, A
T=a—=INVA4y M7= FH LZEEREO@ENHBE, LT, NORELE, EBENRBIND SIRIL G
W72 GHH 2 Tl AN VR RBFERA N L —IUDWHE L L2 FATTEH200BELE LTDOIY T R —
C2ZADEREZORMIZOWT, dEW72. #E3 T, BT —7 Ok, 7a 275 a5, Zo, &
e, ELFTHIE—ATIRTZ T VA RD L) IRRT X B HEEFE ORI B T, Mg r Lz 17
I W BRSO W T 275 L.

TL1 M O AT IS S N7 IR 52 A&
Ok ®ik
WL TERS 4 7 4 TAKZ (Illinois Institute of Technology)

VR AR 2B & LC RO TRIE 2 ), &, R, T LCIMA B LTV, B0 BB I b
BILWKEAVCEThD, LALAND, MMEHEDT—AIHS SLTWAKLHHS LIEEFD A, Kll# TR,
24 4 MR ORI 56 & 560 T X 2= BB QMBI OV Tib 5. RRETE, kOB L AT T35
5 D7 2 F K OIE GRS LEA ? R IUZR 1T E B0 P KBBRHE, KB £ ) TR ? % 2
DEMIZOVT, WEHMEOEFER TSV (MTANN) OB, ARSI REER O, ST R %
DT 2.

TL2 oA R KBIBGIHBBOMNT - AT~ TE TR TE 2w ? ~
OV 3
RPN

2Ny, PCOIARY, 797 KAV Ea—T4 7y AR KBRBEREESS ), SOIHEBEEEIZIZCPUR
GPU % &V O OMEENH 5. TOHETIE, TNENOFIHES - BERELHAL, Lo L) 2z o L) REHH
BE T AL VAWM s, 72, EREELUROSTTEIA ML —VEBBELEETH LD, HEOA ML —VBED
BB DA ML — VBRBEABET 2BOMELR IOV THRBNT 5.

TL3 PRETASHL ) MLA 72 - BIR D A2 v ¥ C

OFEM ¢
FHURA:

HEE (IFHERLZ IS MEE CTh D, Keras X Tensorflow &) EEFEHOWFRETL H L. TOUENS, (1) S OEMHME
BRI BWCTIEBFEN G272V ay 7, QBRENSEZ TS L, 3) EMEGELEED [Hiks ] ofstt, LT
@) ThrbolsE EEFHEDOHEE S EHES, ICOVWTHRRAZEBRETTWAZ20NEEEZTwE, (1) CEBEBEEH» L
FEOWMANZEZE ST, WhIE [HEEEG] Eho720TERZVD, EVIBEPSERZ2BELWT S, (2 TIHEA»OE
JEEE AN LCERE ET o052 MEHEHE Z ML, 05108 o THEEBED 2RISR > T A EIR L7
W, BRI = YRR ERA N OERIZOVWTHIRT 22050 THE, Q) IERDPVIESTVEEIATLHLD, TNFET
NELAPSOFHTIVITY) AL EFEHEGE ) =y FICEH L CIHOREIC LCEZERNBGIEED, 77— EIEMT N
WEZHITWZIED L) L->TLE ) L) BERIZ, )R TEEENLONEGm L2V, @)1, EMiAS supercomputer ©
python %9 & 9 REpfIc, TEHELEFEEDRED L) RHERBREES TWIT 202 BZ L TEDTE Lz,
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[AXx=D0 7/ EERE]

BER: &% gt (UFXH)

OP1-01 HIFM &7 V¥ v TVEEZH O HE FEROREPIC L 5 MR {5 %

OABRESEA T, JH B2 A W°, WE A Jkk F!
VRFREASASE S TR B - YR, CRARERS BT IR, ARk
PEAERRGER IR AR > 8 —

MR B EFEK BT, HEOWEER A2 HAAEHLEL 2L THEDSMET LI EPMOENTWDEA, ik EAR
DHLAG DR MRS L Y RO D Z Lk, HASDEEAITRHIWMT 2720 KETH o7z Uaiodks oWisE Tk
W& T o TVFEBE VS 2 LT, BEOWGEN A OMAGDEEHIEA — ¥ — O3 ER TEI L. £,
SEMRZFH BT ORPIFE L V) BRI AT 28T, RFEICL2HMBRORER EOBRNEM T 21To72. KifFETIE
S SIZEGER A O L IR LBRICATEIAEHTH L 2 v i3 5.

OP1-02 X # CT Wif§ LoOMEE 58033 2 MMEFE T VO

OWZ LAz, W Fc HEW #inl, BJF 0L 6 HERC 496 Wi
P SRS e

M F T HEE IS BRE L7235 B12 B0 A XA CT W% Lo B LI O S /8o (7 >3 > 7OViEsuc B %) HEHEIC
DOV, X EHEEOET IV (quantum counter & energy integrating detector) D7EAN5- 2 % B OWTHGET L7z, Wk
WMETIVORTIDFEU L AR % 5 2 254 FC, CT mlif§ b o RO N O MRS BRI EIZ DWW T, ITI9IZ RIS L 74,
REPBLRIREREMH L2V I 2 b= a YVEEPSHEE L EIZOWTHRE L7z, WETVIZBWT, BT L
HIFMEIRY 32— a VG SHEE LMEE =KL F2, WEFIVHET, SO HOEOEIZVRVERE 2o
7o, SROME RS, WETVO CT ER ORI O MR 5805 2 25813 A7 <, A 930S B3 2 it
IZBWTC, 5 7% quantum counter model TOMES DB RIIEDIRIE S L7z,

OP1-03 A /S—2{bZE M DORBE 2 A L 72 B — i {8 5

OFfri - B, KW AF, Phi IS
FHE R KEEBE LA TR TS 2 7 2 R2 K

MR Bif§ 7 EBFERD Y 0 CEE BT 55608, B2 MHILAT 220w, ok s, B TR, #
FREOMRD SIS EROWEEL L DR LLT 2D, WHEBMOREZ D5 2 EPMIFFTE 4. eFREBAS 212 &
D AN—=ZRASNZZBEIETHEY A XTH Y, 2o, BB OEE L 72BIEECITHMEEZF->Twas, 22T,
eFREBAS ZEfIZ BT 2 B DOARIEZ FIF L, eFREBAS ZEMIC TET 2 4ME S 2 MG EEIZ oW TG 2170 72, 58
BUBMG R IE 7 2 MU 2 5 L B L 72/, TR L 72 3R 8 58 O 75k & R AE O dn Wi R R & R3S 2 H 5 2wl 1
MESLND T LATRENT.
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VAR, HBERBEETHOWONSL XMFNEY 2T 2I2BWT, EMNZ FBP BH{E TIIE T — 7 OFERIBICLY, &F
R AR S OTIE AR E VR TER T —F 7 7 7 ST 5. CNEERT 5720, WBW G TIEm %o 4
BB RS ST — Y OMIMEDSHCONLD, NEY VRV ATRMEHEOT —F 7727 bOIXLD X5k E W%t
OEFMHEAWEETH 72, WEF 1L JAMIT2018 12T, & TOREAEOKRETF— ¥ # M 3 RkTT—4% & L, 3 RICHEEL
RiEERHOWERE T -7 &EMER S L2, ¥V EOMNERIC R 513 EAE M OESILR OB EIMET 3 5 HEE)
Hotz. FITHNEBOMBKEN L4 HE LT, #HeAEROSEOMBEHRT V2 7E4RET 5. BEHEER
EREEL727 7 v P AEBRICB T, FEEEBOBEEZHRELEWT —F 7 7 7 MEBRIRSE SN0 THRET 5.

OP1-05 WM AAR Ay b7 —27 ZFH L7z MR Hfit v ¥ ¥ 7 R O R EBET
OKXW 1V, HHE K

THERY: KRE¥Ek TEO7ER WS 27 282 H K

MRI DG M Gk B e LT, Eiitr Py 7ol SN Tw b, Elit v vy 722k, WET 25 5= 00K
DHHETH Y, WGEMIEHESNSL. LA L, BEFEETIELIL2 /v s/ MU E 2 KEMICRL 720235, H
R E N TR A U2 56055 5.

VTAE T, CNN Z A L 72 MR E{EOFAERGENIRESINTB Y, FRERIGEO MY & TR o T CHERT o AR 7 T
IVHENLZ DS, REREHEZHEDOTNDS.

KIFFRTIE, 220D% Y b7 — 27 2HOTWIZFB EEL 2 L CTHROMEES HIg T, MOTWAR - v M7 — 2 (Generative
Adversarial Network: GAN) z i L 72 G IZ DO W THET 21T o 72, F 72, BEGF O ARG & W2 17 - 72, B X =
L—Ya il oTRbNEREHRET 5.

OP1-06 Simulation study of a novel brain PET scanner using 100 ps TOF-DOI sub-millimeter
resolution detectors

OF ¥k’ ¥l el B sk KT WL, RS REL ME 0 %L KN AFY
U
VHRIRE, U b =2 MRS e

A novel brain PET scanner using 100 ps TOF-DOI sub-millimeter resolution detectors has been proposed and simulation
study was performed using the GATE (Geant4 application for tomographic emission) to estimate physical properties and the
image quality of the scanner. The detector consists of four layers of independent scintillation detector having an outstanding
TOF capability and true first interaction point (FIP) detection ability. The spatial resolution, sensitivity, and scatter fraction
were estimated according to NEMA standards. To evaluate the image quality of the scanner implemented not only excellent
spatial and timing resolution but also DOI detection with FIP information added, 3D Hoffman, Hot-Derenzo, and NEMA image
quality phantom were simulated and analyzed reconstructed images. Our proposed PET scanner will have potential to open a
new field of brain study.

OP107 ¥4 Z ViE%ZH W7 3 IThEE CT ok
Om4 Bae!, Al B K5 MRL WIE FEE° RN BES WA Wik
I S RN SN2 i RPN TP N T Y i SRR TS N

Hliid ) FE I FKD BT, K% E (Low Resolution ; LR) % & Z L izxtied % Ef%E (High-Resolution ;
HR) E{EOME 2 HER—NTH L. LrL, ZOBEOMERS-OIZAERNZHKRA CT, JBHRICVER L 72
A2 MicroCT Z#H T 2 LE2H ), KEICHETL2007WETH S5, ARTIE, dofHF oy LR #if% & HR B{§E2 5,
A7 VEEENC TG E EBT 2 B THET 5. BRI, ResNet Z@8fHED 720 DA AR, CNN % A%
&R OBERGEWR E A3 Dkl e L, GAN OFlA % FT L CHRoBIL T 5 72%, REETIIILLLERT LY A4 7 Vi
& BRBHMGEWI{GE OB BIRE) 2 &TELOR/MEIZ LY ResNet Z3lfi L7z, ZO)iEx EEOMHE CT SIZ@H LT 8%
DOREIFEEEFTV, PSNR 22 E & H W TRERZ ML 72, AT, WISAHT 0 2 WG E H 728 g ok L o kigd 17
W Sh, REFEOFEMEE BRI OV TERT 5.
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OP1-08 CycleGAN ZH W72k CT W{RD N X 4 VB E 20 ¥ AT A~DIH
O=% Igdl, WM JUH AF MR A sE CPE W
IR~

P A8 % a7z CAD & AT A DIFEMTHEFIAT DI TV AED, H5HEFEE CTRWIEREZ /R L7 CAD Y AT A% oE
SERFERACIR T 3 23056, BRI X » CHGEORESRM PR L 5720, CAD OBWIEENZE T 2 WEEM H 5. FO%4
CAD OFBIIERMEE Z L ICKB O T — & Z1ERT A LEDNH L. TNTIE, BALEBEEE TR LR Tvny 2
FLAEFELT, AMEOMEILETH L. AR TlE, O F AUMEEORE S E B, CycleGAN % W T Lt
AR RRT L PR RET S, BRI, EBEEE A CTHoZ S N8 CT W05t 2 i L Ek L, KM B Thoe
SN7z CT Wi % CycleGAN 12 & 5T A OFEMIERT 2 )5 (KAL) 2 WF5e5 5. LB OIS ICHH 5 % BRsikhl it
& L T Residual Network(ResNet) & vy, 3R A OBEET— % THEET L. T0%, BELOFEIZ L > TEHEEH
B OWEGEDOBMREEIZEN D 2 E G 5. WIS, B &Sl L 25E b REET 5.

OP1-09 #HM7—1) it ¥ 2 H 2305 X BRI BT 50K 5 A 7 DFNT & 7 — 7 TLENDIBH
Ot —B', % R EA, MY g
!B B B R, 7 IR R AL A = R B

ERTITFICB T, EEYBOWRM EOF — L 2287 — & ORIIESHTE %R, 77— Y WRBANAEH ST b,

AW, EEEROERNFFHIED O LD TH LM 7 — ) B2 v, AIKILZ 7 A5 Ofgste i L, 7— ¥ Lkic
IS 2 FEEME L7, M7 =) TRl & (3@ FEO MR 2 B EIRITS 2 FETH Y, FIEERL 7 A7 Ml wvo
B ORE L, XD RENATROR e KR TH 5.

T= Y N=Ap /ARy 7 A TR el 7 —) TRGEFICAR L, BonREER > DB akILs 7 A8
DA OEETAR T RS S, B, fll L 7oA IR 2 R S W72 a kL7 9 A8 o Anls CEE L, FlofleE X i
AT 2 LN X0 72 BARHER 2 RS 5.

Dbz 1E X RO R T — % X— A Tdh % CBIS-DDSM & H\W TIRFE L 724§ RIZOWTHE T 52 TETH 5.

OP1-10 Iy T

OP1-11  HHRERESME» S 0BT EHEEZAH LB 7 A v 57— a v
OBA !, Hi HA', BMHEAN' =8 —k° & %’
VRS KRR TR, P BRI A L Y ¥ —, P AR A KSR A

JEREE T T O T2 > AT 4 TIRFMOL MR EO 012, JEREGILE 1282 47 BAEN O i 2 i AL ETH 5.
FEAETIE FON & W72 B AEi I TR R 2 2805 C 0 2. IF RISz CHRAT & HME 58 325 2 L ¢, bR 5 -
5 EMEENTND, KIFRTIE, WEFEIC L 2 BIEEGM G 5 OBATEHE L, HEE L2 BITE L aiElRE BT
% LT, MRS O R E A Big 3. MICCAI2017 o usRy bRET— %ty b &t RICER L 72 4 58558 EMGE
D FEBHERNL T TOU 75 89%, V¥4 Dice #5445 94% & 7 o 7o, HEsE L 72847 S FHa BT 5 2 & T, FRdhb o
EaFE OB AN B L7z,

OP1-12 ®E¥FE 2R 2EEENERO X MERICB T2 KBEGXe 72 57— a v
O MK, % mREL e mE' &F W’
Uk A B BT DS TR R BN R, 2 RkaC A BT SRS ATV ) 2 —Y 3 2=y b

HHIFEDOZ W Tld DXA (dual-energy X-ray absorptiometry) % HW 2 BEORENEEH SN TS, DXA EICX
LEEEAETIE, BHOLEWEET A TF—2 a VHIFHBEEOSWEBEEONEICEETH L. T2 THRIIIETIE, BEE
HERE O KRB X SHfGE 0SS %, EEFE YO CEREICL I AT — a v T2 FERRET 5. BB O FR
X WG % AW TFEE 21TV, FRICHER L TOW R VEHTE 7 — % 100 it E B TRl 2 17 - 72, &R L CREENE
[ CH B KBRS SEER 2 i & L 72383802 3B W T ToU(Intersection over Union) 965% & 720, EHEEICE T Ay F—2a v
THETH DL ERMERLT.
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Oty &, & ik T X i &
HATSABRA S 7= 54 1 = AB5H

AT, BEEEEICL 2 PMGEEOMEMER Y AT A2 RET 5.
HREGHSERBREOEHO 7012, TR OMBERILETH 5.

—MI, = F TRy S L B EERENSEDL TS, HEILL o TR GAATERTH ), & 7 oliEeLMA5 02
APOHELH 5.

AT, MEREOHMZ T > 7 A MRy — 2 e~y afuZ 2 Lo THgb L, mG&Ea TEERR 2179 WRiEEE
AR O 2 iR T 5.

WEZOLOOYERERNZIEST 572 TLwic, ¥ 7 GPREETERTE 2o 2 BIZ2nw T, BEZHRL T
TEHIMEmERZFEHTE 2.

FERTIE, AA, Erty b, N I03MEHEHOEERFMEE LSS MEH T, HoREHom§ e i L, mign
B & o THEHSE 100% TREAERN AT TH 5 2 & 2R L 7.

F70, BGMOFMEE 720, WREH#ESATE o Ry b7 — A% EH LcAEM#0E Y AT A& FEL T

OP1-14  &RWi k> A 7 2 O HEMLIZ G 725 B & Sl th o #esd

OF !, Y74 vaw ! SNHE—R? Bl &1 % BALS AR MBS WA Bk
I Rk

DR TR, P TREASE IO T4 TELSY Y & —, S TR Tk | TRA%A
B o i Y

ez TN F CEFoSEE TIAS 2 B3 L, %’é;ﬁLﬁﬁi/xTAﬁﬁ LCT&7.
COEQEBMTIRES AT 207 ) =y 7 RFEANOE AT THEAFIRO HEMEASkKD 5T 5. 22 TRIFZETIE Y
Z%AE@MB MV 72 M & RIS O T E AR L7z ﬁﬁﬁ IOWT, FATHFIEDRE R CILRE L FE 13 09 DRI L
DSERELEE 1L 04 K0 & M ASE S LTz, Z 2 T MobileNets iE@ %8 €7V # W FH FE2RE L 72, TIAS T
ﬁ%ﬁLf_i.%w%%7987]*5{%)1%\1%7»%%4"51&1k A, ERHERRE SO KRR B2 L2 momEEmHico
W, SLIC & GrabCut & F\ 72 AT ZE D 4G A CTLE Y ToU A% 0.75 A & A ICEEED B - 72, & 2 TAWIZE Tl Pix2Pix

WEHﬂ%TW&ﬁﬁ#%&%ﬁ&Abﬁt WA R Lo BT & DI EGEF R ORI, IRETEOBEMME
% fER2.

OPL-15 AROIFXNVTF—FZHWFEFIL 54 Lo REhl CT RIZB T 2 IR o BEHH

OMH AL PR ST de %% KW B TE PEed AmE Rk BAPRKRE®
B AL NH O OBEY o3 149

VA BRI SR, * A B RS RS RE, SRR TR S, T RO v v —,
SN AB AR Y v 77— gt v v —

AWFZECld, Fully convolutional network % w724 L7 ZAHEHD CT T%%C:EW%H%%%ETEE@%HM:BWT, F®Y SNz
HET— 7DV ETH-o TORE L CHIE 24T ??%%?%%?‘Z) 41/‘7?”"15'] IBWTIE, NEOSIERE S0 I ) B F IR
?Z) D%, —#%I2 Fully convolutional networks D42 % 179 3 ij(;;@”‘ﬁT G DEETH DD, NI

WADHATYZIEPIEFICEL, FHITO T NIUERIZES TR, %E%?%Hﬁ?ﬁﬂu“jii@ﬁ' v NI =2 BFERTBH20D
BT —% L LT, ERSEHERDORATA A EZFEN T L0, FEVDOITOLN TR VATAL ZAD—FTIET 4V F =2
DOFFIZE VB L2 N2 —EIBIELTHHETA. &Y P 7 =213 Unet # X— A& LTART A ZEDOLETE % i L 72
boOEH, Keras ICTHEET L, B L4y b T —22HWT, 4 Ly ZABEOME CT (eI BV O & it 5.

OP1-16  FifA R EE i fe bl B BEAS {5 X 2 B BE 0 8 U8 35 0T 2 MR i M Rt D & T VAL D 720 Dt
Mrs 2 b7 74—l

Omk M8, Kt # A, Mazen Soufi’, il #/E' HRE EB® #% MEZ° BeomSun Chun®
JinSeo Park’, ki Zifh'

! 4 RUERRL R EA R BERAE, 2 KBRS, *Ajou University, 'Dongguk University

ILIVELCOZBWHEEE N e EOBE S, EHELHEBETVOBEI KO SN TWE, LaL, BIROES ) 5 1 TOMR-
B EIR O W (% R MRH T OB O NEE SR XN E SNTHB Y, BRHORIED SEIRICE LB 3 RITHEEDET
Mz ENT W\, F 2 TR T, @WWQH%ﬂé&%%HL ﬁﬁm%@F®@$f@%mwé ET, O HHEE
OFRIED SEILF TOIEMZ 3RTTHEEDE T MEE BI53. BATHI9E CIERER & 512 %@ﬂL@% B e ~ =2
TV b L= A XD i LA BERRHE ORE S RAT 21T o 72, AP CET i 2 LK 272012 CNN # HwWTC, =%t v b
AR SR - WA BB L, =27V L — R L ORI - MEEIT . it AT L 72l - A AR
TIGAZN) T EIETHBDEREEHEDTIRT T4 T 4 ZWEEL, BEHSEMAD S T NVOBREVEDOR 21T,
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[CAD/ EREK & |
R BE BT (KA

OP1-17 MG & % 9 Do 2 Bk
Ot B, M HK', 2/ MR’ R 3k’ &+ E—2
VAN TR RS, 2 ENLASARRE L v & — SOk

LA OFEMIE O INIE 3212 DSM-5 % ICD-10 7% E D EIRERGEHE HWTBY), INHIZX > TH) 2WIE YL TR LHERD
BIZEDZBWPITONTWE, ZOZWHTEIEEOEBRLEEDZOHOERIZE > TBWHRPELGESNTLE ) 20,
BHEW, ZBBINRFMIC L 2B P TE TV RVEVIMENH L. F0720, ) DHOFBINLRFM 21T 72012, 9 2
THHDED PEGETHFHMEZFH LT, ) OWOERIL (BREEOEE ) L5 OWRTHL0E ) POYHEEIT) VAT LD
FErfroi.

EEALICIZEICHB I EEEREICER Lz, ) OB R OMETEE OB EA S, MWAEme #EHEE% CNN 2 Huw T
WL, £40OBRHT—% %154, ZL T, TRODOTFT—7 ZHMFAEIC L > CERILL, B S NFEEE O E 1T - 7.
Z O BONEIERIZIE) D L OMEEDS R S 7

OP1-18 AR 233 % 5% IRAY TACE JtifThE® Angio-CT ZH W2 REMENEFEXr—a vy 7
I (Embolization plan) @I RS & T A S A R E O 2D\ T

OB WYOmTE AL R BB R B M fz i RIE RN L G
IREE Bt piHE ERR!
U2 FUET RABL RS e eI N GBI IO S, A R R R RO, A 4 R B
WHERE - IVR B2 v 7 —, "FX ) U AF4 ANV AT AR

[F 5] MRS o 2N TACE 128 L, Angio-CT(ACT) % f ] L 7= automated feeder detection system (AFD) o B 3§
(Embolization plan; EP), &&= 25 H L TR RSN 2 17 > 7.

[J5:] xS HFMIAESE 20 Bl 33 MG ES (MEERAE ; F39 114(5.0-230) mm). #HFH L IdEAFEIR L » 7 7 1.0-20ml T
A 185(L:8 % ) B L < 1% 295mg I/ml(H:25) TiEA L CT hepatic angiography(CTHA) % fitifT. DSA % T— V7V A% ¥ ¥ —
F& LTEPIZ&2HEEMEREFMZ T, 584 —3% : Excellent(E), 1ZT—3K : good(G), WK EFFAEWEE | fair(F), #FAAR
H[HE : poor(P) & L 7.

(&3] E2 (LOH2) #5Hi, G:19 (4,15) #&Hi, F7 (1,6) #5H, PS5 (3.2) #&HiT, F Lkl 28 (5,23) #5Hi 84.8(62.5, 92)% Td - 7.

[#55E] ACT %\ 72 EP 12 & A SEIME X BRAAHEAVRIE S /2. T4 5 RIE B I3EEH OFEARo %
59, EP V7 b7 % EMMSEHoRET EET S,

OP1-19  WOSIZER A v b7 — 2 2w 728k A SERHR O 4K & B
OBl ZCRE', M W% i WL RS TAETS Em ORK®

DRI R R LR T 2 A T A LEEY, PR KRR T AT A TR, IR R TR T
5 L2AF

PR IR EE X RO R & 2 20K TH A7), BHIEREERICL > TERAZHCIENTELRTHH 5. THEIL
IR {520 5 OMIRE OB IZ, BAiAi=2—F )Vt v 7 —2 (CNN:Convolutional Neural Network) ASHH: % 25157 C
W5, —HTCNN # VBT, WETFT—F EIRET—F L ORYEPREE 7 5. BIEITHAER Ay 7 =72
(GAN:Generative Adversarial Nets) & W CTRZE T — ¥ Fx s, LRoMEOMIL% XL HE0fThNT\wd,. Thh
EEE Z TR T, MR AEDO—>Th L MMEHBEOBIR L AR L7z, HBECIIEEEEE & SRIEABED D 555, T B3
R IRHEE OB 12 S5 DN ARV LA TH L. THERT -5 EETFT— B L OHHOERIZONT,
BOWEZHCCTRIEZITo 72, BHIFER LT —F ICBET ARG R L, ERLAT—227CNN 125 2 5B IZOWTH
HETH5TFETH 5.

OP1-20  ARAIIERZ mR & BB TE MO P IS X 2 Nl AR B B) 7030 o JERE AT
OlM&» @A ', A A, Al GRS 5 A ek’ 4% MR° 2 AL @k Y

HEHRE!
VBRI RRRE: PRI, P R R R R SR b PR ZE R, ° IR AR R SE AR, R K% T2 A T
THHCL AR

IRELEZWNC BT, M ORI 78 4 72 IEMEICIEIR T 2 2 L3, IR eRET 2720ICEETH L. AT,
AR (LBC) Wif% & B B RIS HE F 7 i RE  Tk 2 e L, BERHil 21T > 72, 13 Lol iRBEAAA = 2 —
TRy NI =7 F AT, MBI G A S MEAEREN B 2 WSR2 L. RIS, BT VT L) BEER
TR (BTG, MEE~ — o — ) R UE L, BRI L D IRITTEM 1T - 72, 135 N2 EHE RS & 2 OBRIZIS S
% A TRIR RO T 2 B G AT L, 3 QMRS O /3G R 2 1572, 149 EFIOIRIK 7 — & 2 T, 3-old ¢
FEMFEIC CRHliZ T o 72 & 24, MRZIEHATOHBEREL, 829% Th o7z MIEGEFEICERIEREH - B~ — 7 — iz
M T, SVM Tl 2T o728 25, TNTIREGHENRIIM L. INS0FR» S, REFEOFHMEIRIZ SN
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OP1-21  ResSENet # i\ 724 — b ¥ I — 12 & % BHE O BE R

O K
# & 4t Splink

R E O CEBREGEHATIC B A =2 —F )V Ay bT— 27 EFIVOENESTELEHRE I NTWE, KifZEHE T
1% 3 kIt T1 M MRIEIRIZ L 2 7Y A v —ROFEBEINIBWT, @MOKRILN: 3y 7F A O b EE L7k
ETMEEZITV, ZFQ%%E IBWTHERFEEP SR EB T L e i T4, BET S ETIVILME D Encoding /
Decoding %479 U-net (2B} % Encoder & v b 77— 7 O-FHIAAE5IZ Squeeze-and-Excitation 7' 1 v 27 & 272 ResNet %
HW2bD0ThH5. ?E 13tk ADNIL 7— % v b2 S MEEROFEEZFH L7727 — ¥ 8L 2 7w I e iz, &
HiADE T IVEIiE external validation & L CA—A MF 1) 7O AIBL 77— % NX— X% v, FERFE L) BOVIEED Eﬁufé
nrz:.

OP1-22  F A4 YEostioE 2 v 205 BLE A 5 Ok Y >0 SR 5l s o0 il & 9 2L G

Ol &—' WA S Bim SEw hE OEANC B HCS H KRB AN
A HE!
'RERIIIERY, P AT R R R b

AWFTETIE, B 2 NEOE YR @ HE St Bl saiasimig & 0 | WA 2 i 5 FEERET 5 B L NEIZIZ 70
EiﬁUL@fﬂﬁ*%U , T OFFENARS: U CTIHRHRER IR R ORGEA 3 % 9 210, ZORB ZfREIGR L ) B+ 5 2 LI3H
MOFBLE TH > THES TIE RV . OGN Z IHET 57 AT L ’9“2.)7’_&)0: R fh % E G B (Gp X0
JEAZ AR D FBAL 2 BRI L, 209 A T ZHET 5 FEeRET S . \_GDF"‘ ﬁﬁ Gt 2 AT o 2EAT T L 12
% HE Qb O RO 2 B IR 572012, FA A YH7E 2R3 5 . L0, U o mEE % 5
PERESG I ORI ST & 2 X 5127420 | WHELEIGIC BT 2 G o W AL ] e & 7:co f_ . i 7z, EREIIOD S 7
WEss 2 &Sy FOHE VORI ZHEET S 2 & T, FEHEE DR LR LSRR T & 72,

OP1-23 &5 CT W{RIZBT 5 2 BRREBEALIE K OYF 27 A F X AT X 2 /M85 i B B o 85
OAKN !, HHH—I% HhAET S hlE ZU° il Bk’

'FRERS KRFBEAIITAN, TR 70T 4 TIRLSE Y Y 5 —, P FRRFRFREEER Hakh
G

BUEDIMEHERE TR HEEIZ X 538 CT Wiz AW 2BUg2 i Th i T 5 2%, 1000 Al ko> CT Eiff 2 Bk > 2 LA
TS DLENDH D L %EEFIW)%?E ERE W, AWFETIE, [Eﬁﬂid)%?ﬂﬁﬁi% HAYIAME o BBk & a5 .
‘]Hﬁﬁmﬂbﬁ\ﬁvﬁﬂi@?ﬂitﬂ BT, KHMEEO CT 54 & 2512, BB bE: R O s 2 BE L7z 2 BP0 B fE AL

& o THIMBR OB 2 Jit 5 2. fhih L 72 edlisssio 7 7 Z%W‘Hf’fzgﬁ\ﬁ) T NT x LA bR H TR

’\*ET% t“(“hﬁu%vﬁi&@ﬁﬁ%ﬁo 7o FEBRE LCHME 20 B4 B CT 2 AL, &1 153 @i o 4ME Mo #th & 3
Hrz. BUPEEIZ L o THE S 2R s & O T LM BEEEDY 7.5mm UT 2 B & L CEHMIi L 72 & 25, IR 96% o s iE
DRI L AR I M 2 479 T & THFIEE # 70% R L 72

OP1-24 A BIZBTHEH 7T — 7 2y MREBLKIZIE U0 B0E R LB 2 S8R es
~ LR K N WBLBE IS 33U B IEEF NG 22 70 BUZ 10V 72 5 i i ~

Offt AN & &7 =@ e’ Am B T R’ & R
PRI R REREOIFER AR b e v v —, P RWRARE Mk v s —,
fERLIEHEERGEI IR v 77— S et v 8 —

YLK X 2 BREROWLKELEIZY TV Y A LK) — TOMBFAINHEZER LIS . COHLVESY Y 74
V2 & B EAEE 2 ER M OZ BRI, NHSIEICIEEE R MR e o2 M ER SN S | BILKKIGHNREE D T & A
%wcmw FHGHREDOHE - TE - P2 RELZCAD Y AT ADRKDOSENT WS . CAD ¥V AT LBV TUILEHEE L H
GOAAREDS T OFG% 3 FRICHAE IS D B OB BV T KB A FE] 7= £y PHPAHRTH L. H1TH
mEH“iT Zy MO SHEIE LNy — ER A HEIICEE L CE—EMR EZTY FRO05EET) . Lo
=l Lw TRBEELRT =%ty NOMSEIRIFFICHEEL 25 . KR TIIRBE T — ¥ Ly P &REEL | EEFEIC
D GIEREEEC B U BAEBEL - R - S ERE O BIR E BRI Y S

OP1-25 CNN Z w7 N TR B ffi i it CT W20 HE A » 75 ¥ MRSk
OBA  Foli', HE KB, K | AL B8 MK, &R s W% Mz ki
R S a7 = S T N oy N a2y e 2 5. 7= O N O Ny N 4 e a9 5 e
NLERBEEEBEEATICBWT, Ay TNE - AFLwo BRI N V7T ¥ MEBIIMEZEFFMIOIC B W TEE 2% EH %
Rerz9. BEk, itk CT BHEHD S OB ATHONTWED, &ET—F 7 7 7 M X BWEOFNAEIN & 72 ) B BT IE%
ST, FHBTOMTP IO TEZ., LrL, KBETFT—% 1y N TOITIZIZEE» O HE T 21TV, 47
5 NEBEHETATFEIRDOSNS,. 2 TARWZETIE, CNN (Convolutional Neural Network) % Hw T, #irf#: CT M
BRoDA T VORI AT ay - T RY—BIBICLYVEBTA v 77 v VEBEHEET 2 THREZIR—RET S
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$£28 7RH258 (K)

I (OR) : A10aE (LETY3aVR—Ib1)
®Y¥ . RRAA-215 (ZRE3 - 4)

—REEty 32

|9:00~10:30| OP2

[Mx=20 7/ EBERE]
R E B (ERIEAY)

OP2-01 MR JEfit v ¥ ¥ 712815 ADMM-Net % FIH U 7228 %38 TR R o st

Ofiifr  Br, PHil IR
THRE RS R BEHIAV LR AR TR G R K

JEfit v > v 7% MRI OGRS HT A2 2 12k b, REFMEZEM T2 2 L0 TE 5%, BHFEHBRICE L O %
TS LMEN D D R 08 &SI EALO WSS DRI L L CERE 2 AR L EEESERE SNTw A .
RIEEE MR L LT, L1-L2 /v /MU E % i { — 3 CH 5 ADMM % CNN CTHEH L 72 ADMM-Net 2MgZ S T
W5, REIFETIZ, ADMM-Net IZBWT CNN O LAY =8, 83 W%, FEMmEE 7 A MNEEOMRLZ EI2on T
HEITo. T, ERETH A NENED L AR B L W % i L, ADMM-Net OB 4% EZR L 72,

OP2-02 Electron-Tracking Compton Camera # W28 25 T A VX —4{iTD ) A FE— F MLEM Wj{§
O 1 H R
Ofsa o', B B—' &% 3 2
BRI N T I 2 ¥ (DN Sy N T e

ETCC IZHM 7z a) X =4 2T, H o4 BHlT 22 LAMETHY), ZHMWICHHZAMEIIS AT & i%E L
TR L 3RTTHE 2 I TA 2 ENWEETH . D720, MSHLEREE CHASDLE CTHRIEZITVARDS, JT VY
A N THRBEEA 22 E 2 BT TH D, R TIZR A AVE—ORTF2#HHL-L X120, Bo5NA LT EMEDOEGEY
WET 5. BTFOZREB X OBBIENTONETEEETE 1L geant 2 — & HW, F8ENF T %0 F—1d 300keV, 511keV,
4438keV L AL S, EBHRRELIZIZAEO VA A MY TT—FNEEETIDDE L7z, 77 v Mok LCIIFGEES M T
ELHME 77 b EF, ) A ME—FMLEM #2208 L, BIRHEBKET -7 8T 4RV F — TORFMENE RO T HME
IANF = COFFERRFHRICHERTEEEOMERE D, Bz 77 v PATHIUIBZ ANV T - THLHBRITRETHLZ L
WA C & 72,

OP2-03 av 7tz AatbEi5Y 27 PET V4 4 b)Y ORE
OmE W, I &Y
TR HAITSE B TR U A S IS

V27 O—EERBAL L7255 » 7 PET &, ) ¥ 7 OEECHINO 3 7% & R 25  BEICT 7+ ATE, £72, MRI
ANV KBIOTEHF PET 4~ — b & L TR TicdiuL, BHEOFIBIHEE L L9128y N7 v THATE L % EFIMHE
WA ET 2. —5T, WETRLEET— 7 ICEREIEL, EEISRWT—F 77 7 bPELTLE) &) ENH 5.
ARFFETIE, BB LW 280 omlittar 7 v ilite $25 28T, REIAOEREI T4 A=V 7D
FE A CTHIV, BT ORBICEET—F 777 FRBEETRELRH L WG ) 7 PET V4 2 MY 2 RET 5. 5
WoIalb—2arblLT YATARM)ZARHVRIERZIZ L o TRET— 2 1L, MLEM 12 & o THIGTTHER
frolz. ZORKR, BEOHSY 7 PET THELTLEIT—F 7727 b5, a7 by BlidsilAagbes I Lillo
TR TE B Z LAURENT,
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OP2-04 #HHAF v Y AU X B XBIAMHA X —3 ¥ 7 B:ok%E

Ofd HW'L % #H' MW AL MW B W LT AR dIl i
Mg S—' A A
HRSRAAL SRR SAEEOTET, C RORKE KR A AR R IREESVRL R

Talbot THEIZ X Lo & T2 XA A 2 —2 > 733, ek X #EOWINE T 25 T H o 728 T D RFIE R
CHBTELZEDS, VYT RAVPALEERYRER T 27200 FMaFike LTEENOICHAPHRE TS, L
L %735 Talbot THEIOEFISHIZH 72> TE, BEAROREFIAD BT OF A XL o> THIREN D &) RED D 5.
ZIT, A IBEY A X LIRS L7280, Talbot TG A2 R— 2 & L THERE A X v Y iog 3 2 05 R &M L7z 450
FARIIMET % LOWPUR L A A — 2 > ViR E FRICHIGES 5 2 EAMRTH Y, S HITHEF AN L CTHREAZ iR
SETHRT S & TUMBEEZIEGT 2 HEBMIE L. ZoNERE B TEHMOILS ABE I L, 1EROUIGETIE
oo l@Eoay P 7 XA MPINTE 2L 2 2R L7

OP2-05 #¥F5F—%+ty b2l EELELEVWEARAAA=2—F IRy bT—27 Z\W/2 Dynamic PET {4
DI A4 AT

OfA=Z4Y, KF WY, A KA’
VIRARR b= AR AL RORRgERT, P EMERRE R

B & E GRS T 256, SHOBMT NV EBRT—5 2y NERAETLLENH L. L L, EFH
OAJERMHRP R HEIC L, KHECEWERERT -y by 2R T 22 LIRS TlE R v, KR TlE, 85—
Ty FELELLEVERALZL—F Ay FT—2 (CNN) ZH\W5EZ LT, LHOHKMT SV EBET—% 2y b
&S % Z & 7% < Dynamic PET BI{&D /) A X% EHET 2 FELRET 5. RFHRE, HZOFWPET 77— 4% Ok % CNN
OFEIHAT A, £9, #T V& LT Dynamic PET W%, ANEHEE LCEHIT— 7 $XTEZHAWCHBER L7
Static PET W% Hi&E+ 5. INb—xfDF— %<7 % Encoder-decoder T CNN Z W THERFHIEL I LI2EY), K
M2/ A AHHZ: E 17z Dynamic PET Wi{§ % TS 3 5. EEiFMORKE, AFEEHWL LT, EREH S TWwZ /1
ABpETHE L, KiER 7 4 XBFMEREOH L& 50, ATEOAME IR SN,

OP2-06 BHARAA=2—FNVExy bT—7 KR CT MK EOZEFHCT 4 A=Y v 7
DR

Of% Aa&', T4 —W', T g’
RS Y AT AERT MR I v 2=y A T ABE, PHIRE VAT AEHGR

VAR, A CT # BV L L -8 WG EOIE AT b T b, SNSDOIFZETIX, 7 14 )V & fiEi
%5 (FBP) H:CHMER L2 bz 2> R)a—varvBerarR)a—arBrbhbERrAR2—F )4y b
7 —2 (CNN) (AL THER % AR L 72 S O Wi (5% % 15 5 WG FE R A RE L T b RIFZETlE, 2 oM G
LS CT ¥ (AWM ICRFEEND LM CT A A=Y 7V IR L 2 FE2RET 5. BEFETIE, M EBHOMG
D) B MNMZEFEHRECTRELZNRUNO N EEHECHIRETHZ & TREBTO CT e EHTSH. 2LT, M
MHETOW G AS L UIHE Tl L2 NROBEEE 1 &35 CNN 2 v, My a b Lm g O EE gL 155.
M EHHETOmEE % CNN DO AT &E$5 2 128, CNN d#E %2 EREHRE L CEEEEGEOEE 2 WET 5 L)
WCEIMELC, 1 AJJ1HID CNN CHEFIO MR % A7 (A 2 Bl T L b L ¢, &0 EFRCHEEHRIT L2 L]
BELRDZENF—THA. CNNOFHIE, EsEHLE LLHEED CTHELL CTA A=V Y 7i#iEs2 32— 3
YL7F—vtky NEHWTUTY . BEECT EWGET -y b2 HWEY I 2 b —3 a3 VERICLVREFEOEYMEZ
L7z BARMICIE, 4B ) AT & O 2 KR CRET 2 0 OMAE b ZL 8 E 728000 MBI 2 #5 7
OhapVizonT, BEEETHCFROGMMELRT. IEFEL MRIZEMOIVFF ¥ A NVA A=T 0 728w
TOAEMEEZONS.

OP2-07 FDTD IZ X % Shear wave elastography DA% € KW OMEE
O K&, KE RE' W Hr' FWH &a % b EE
VTR K%k RAELLSAY, PTHAY vuriq TEILSEV Y —

BE M MBSO X 250 2 Tl LT, FERSE L o THBEWNIZZEAE T 5 8 AWM OEFEE (shear wave
velocity; SWV) ZFIH$ % )75 Td 5 Shear wave elastography (SWE) 2SR CEHLEN TS, LaL, A—HET
SWV OFHilli#E R E=EAH T H 2 &R, FHUIEIC X o TEEHEFE RO ALEIL R B T EATREINT WA, FIHEDOELERIL,
TR OZ2fH B X ORI EDS A — 2k o TRE D Z LR, HAMEOWEE 2 4% T 5 720 OB X ORI g
FASNETNT) XLDFENILDLEEZSNDD, EENOMMELE I X LR ELE DS GO MAPLETH 5.

AWFFETlE, SWE OIE#EALD 7 70 —F D7z2012, FRESIEFEE: (Finite-Difference Time-Domain method; FDTD)
EHWTC, FEBEOBMEED O RGN EERE I O5 M 2 B L7235 G060 TICBWT, EEOANRMMRERICBIT 28
ABTEDIEIEY I 2L — ML, BEELELEEORE T A SWV ORI 5 2 5 B DO W THEET 5.
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[E{RERT/ EFY 5]
ER: 0O #®ik (FEXP)

OP2-08 FEBIFEHL SVMIZX s HEE<Y A 70 CTHROYEMbY T X v F— g v Tk

OMTE 2 AW AL BE B, 4 S8 O EANL A BE NEIKE?
FoOHERC, wE MR, RIC 10 R MR
TR KRB GER © AR KRR RO ER, AL b, ALER = Gk, © ORI A TH 1
Wik, * ARAERIEE v 5 —, T B ERTR C v 77— s g Y 8 —

AAE T, Spherical K-means (SpK) (2 X A FHH#E & SVM % W72 BHEE y CT BOMH SR E 12 E DWW 2B 80 5 0
WMFREICOWTHET S, u CTHRIE y m 4 — 45— CTEARE 3RITTTHETETH Y, BEE u CT %2 5 5N O i %
W9 5 2 & TSSO AR SILIESTTRETH L. LAL, BERITINNVT =Y 21ERT 2DIIES TR0  #iiid )
OB FEEZH L0 L. 72, BB CTHIZI Y N T AMMENZ 056, iz Lot FETRER CHE 3
LT EIEWNEECTH L, I CTRFETIE, HRMGEETLPVEDOTNNVT =5 ZFHPT L0 H Y OMHTFEICL ) ED
i, MIBEOm Ex Ko7z RFERIE (1) SpK 12 & 2 RBEE | Q) Fdmit, Q) SVM 2 w729 XvodE ) BCo 3 B
P2 B 5. RFE% BEEy CTRICHEA LRSS, BIFREESES N

OP2-09 MR MHif§ & s BRI {5 O A1 & 2 B IS O % HIRRE £ 5 L ORESE
OTFH k!, 77L=oU it ! BA T2 KWNHFE? BK RS B SEl' A5 #HR!
"EER TR, DMK

KIFZECIEIREBIERE O L EMGEE TV ERBET L. LEMGEE T VIIEEESRO MRIBHEOR 7 v &, o L7
Hematoxylin-Eosin ¢SSR EE D /Ny 7 & OREERS AL EHTLETIVTH S, ZOETIVIZLD MRI EEHO
BMEICBWTHREINLTHA ) HRHAEGEO/ Y — 2 2T L, 2hs MRIEEEFREGE OBBREHO»?CTL2 L0
AWMEOHWTH L. ZOLEMGEETIVIE, MRIBEROZR T L SHERSAICHE VIS T 2 BMGREE ROy F
BEPHTLERETLVTLH L. ZOAERTE T IV % Neural Network & W CTHESE L, MRI {5 & SABESR LN (% & % E
EbETAIETIER LT =2ty FEHWTER L. TOERET IV EHWT MRLE{EO &R 7 L)L & ksd 5 g
FORBLMR Oy FREAHEE T H 2 L CRIRHBES M Z 0P L 720 T, ZOfEETHETS.

OP2-10 HMFBZH O ATHRESHEE? S OBMOFRRE ~~/J / E AR X 20805 &
CNN D@~

ORSEFAmMT !, ik BeiR', SW W, ok wmm’, 4k R
VT TR TR S AT AR KRR AR B A7) T, R RS
SEPTR S BER S WHORH R E R

MitE N THEBIET O 3 RIC) 7 BB G 4 IEfEA O E=WICERT 272012, A ZINFET, 1450 X BEERER S N T
B#i CAD (Computer Aided Design) EFNZEH\W22D/3D LY A ML —Y 3 y FEZHELTCEL. BIE, 03 RTE
FEHIOEBHELIZAT T OROBERBM O ZIT->TB Y, Z0o—>2% LT, X #li{%E2 5 N LEMEEOME (¥ 1 7)
ki), FETAHIEIFIEETHL. T TR TIE, SEEOANTIHEEGO vy Ml (I 2L - a Vg =
FHTHEME 12 X B RE D BB e GT 2 47 o 72, BARIIZIE, O~ g 2 CEAHEEC X 2533 L @B A AAR = 2 —
Z )% v b7 —2% (CNN : Convolutional Neural Network) 12X ZakBITEREICDOWTHGER T 72, #EFE LT, vwnNF /K€
AMRBEC X B EAITIE, BEERBIANSRA, HRAEREAS B A e o7z, £/, CNNIC X BT, D wiE#MEDs
BB THRFIED100% & FEIEEVEENE SN, & bOKRKE & 1382 2 il 2 FFEESHE, BRSNS 2 LPRES
nr:.

OP2-11 i 7 ¥ X M & v 2 H&E Bt B {7 5 O 5 G tafit e &

O RAI A Sl A EW R OEANC BB OB PN KRB AW
ES O L
VIR TR, AR K IR b

B CANBEIIERERLMEEIC L o TTOEEI LDy 4 I EN, ¥4 T TEIRESWRERTHDPER D . 2020
VISED Y A 7 RIS ED EIEMEICFEIES 2 2 ENEHRICEARTRTH Y, ¥4 7ORBIIZZHDORERG T L
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OP2-14  Polyp size classification in colorectal cancer using a Siamese network
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Colorectal cancer is one of the leading cause of cancer related deaths with increasing prevalence. One key factor in
the likelihood of adenomatous cell differentiation is polyp diameter. Much research has shown polyp size to be a major
characteristic contributor to the risk of colorectal cancer. There exist a significant cut-off value of 10 mm which clinicians
use regarding their treatment diagnosis and patient surveillance. However, polyp measurement is highly variable and there
exist a high variance between clinician measurement surrounding this threshold value. We propose a novel method to classify
polyp size into above or below 10 mm classes based on a Siamese network. In a first step, a Siamese networks is trained to
build a high dimensional embedding of features extracted for each polyp size. In as second step, we train an feed-forward
neural network that classifies the polyp size based on the distance between the feature embedding of the input image, and
the whole embedding space learned by the Siamese network. This method allows for better binary classification of the
sub- and sup- 10 mm polyp size classes. Furthermore, our method can be used in a real time classification system as the
classification relies only on computing the distances between feature embeddings. Our data consist of around 33,000 images
from 129 movies classified into various polyp sizes ranging from 1-15 mm. We trained our model on 23,000 images, and tested
on 10,000 images equally split into each binary category. We obtained 89.2% in feature classification.
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Histological classification of non-small cell lung cancer (NSCLC) affects the decision making of treatment policies.
However, histological subtypes, i.e. adenocarcinoma (ADN) and squamous cell carcinoma (SCC), identified from a single
biopsy occasionally differ from actual subtypes decided by surgical resections for NSCLC. We aim to explore classification
approaches of histological subtypes of NSCLC using three support vector machines (SVMs) with radiomic signatures
determined by Coxnet and non-negative matrix factorization (NMF). Classification models of Gaussian, linear and polynomial
SVMs constructed with radiomic signatures achieved the areas under the curves (AUCs) of 0.7021, 0.6803, 0.7131 using
Coxnet, and 0.7128, 0.6660, 0.7143 using NMF, respectively. The polynomial SVM with the radiomic signature determined by
NMF could more correctly classify histological subtypes of NSCLC into ADN and SCC.
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Five-year survival probability may affect the choices of treatment policies for head-and-neck (H&N) cancer patients.
The aim of this study was to investigate an automated approach to predict of 5-year survival probabilities of H&N cancer
patients using a support vector machine (SVM). Engineered features representing tumor heterogeneity of cancer patients
were extracted from gray-level histogram and texture matrices within cancer regions. The signatures, ie., sets of significant
features, were constructed using a Coxnet algorithm. The signatures were fed into the SVM with a polynomial kernel to
estimate the 5-year survival probabilities. The polynomial SVM learning with radiomic signatures archived an area under the
curve of 0.665 for stratification of patients based on 5-year survival. The polynomial SVM could be feasible to estimate the
5-year survival probabilities of H&N cancer patients.
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We aimed at the staging of liver fibrosis by using image features derived from partial least squares regression (PLSR)-based
statistical shape and texture analyses applied to contrast-enhanced MR images. MR images of 51 patients were used. Fifty-
four texture features were derived from the image histogram and 4 texture analysis matrices. A statistical shape model was
constructed by using PLSR. The fibrosis stage was estimated by using a support vector machine (SVM) based on texture
features and PLSR scores. The accuracy (in terms of the AUC) at the classifications FO/1 vs. F2-4 (early), FO-2 vs. F3-4 and
FO0-3 vs. F4 (cirrhosis) were 0.93 £ 0.03, 0.77 = 0.05 and 0.84 £ 0.05, respectively, thus showing the feasibility of the proposed
approach for staging of liver fibrosis.
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HHEMA7MBEZIRET 5. KAFHETIE, EEAPE TS Z /L TY /SRR S Litf%?rﬂ:bfwé Krgz
ELTHEY, BEEBIICE ) EEBHIC L VAL 2ERHOBREEZ T IHICE D ERT 5. é%%?f (&, B g AR O AL -
JTJZ‘E”F%I&F%T%? L7-WEE 2 &R/ LAERTI VT 7 2 P ANICHGEEF v O NZBRT 22 LT v et L7z, Fv >
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AR —RIFBAUEDJERME CTH AU ED 5 v S 7 EOERIRN 2 EEE L TUET A2 ENRMTRETH LI s, BAED
BB REZHWE L2 TOMHANOBENS o Twa, Lo L, BUERELZED TV AEME PET X, 2257 v &
Ehx B L PETEAKTH ), WIIEIIEZAT) 720 O 2720, BIF2EE O PET BH{E %155 7290121%, Bll&H
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Magnetic resonance imaging (MRI) % FIJH L C, RPN ORI 2 IR A ICFEMG T % F: & L T magnetic resonance
elastography (MRE) %% %. MRE (Z#FEBANIREEE 12 & 0 it RNEBIC 564 S A 720 2 MRT Cli{GAl L, ik mi {55
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577y b ARG ERERLD, ANEIB OB NN R E DL L ORI ARG L, SRR oW EDY 4 pixel DB
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TR EIREE Vo 7B REEIELZTI SR THENHEL, BEHFICL > TERZAINMEHTE20WI AR H L. K
TCILERESEE L 2 G FVC, BE CTHROIEER G b s G e T 2 7% -%E T 5. Fully convolutional
network (FCN) % 7258 57— & OEEFE, generative adversarial framework (235175 FCN O B8 4% %
P D ELE~OER A Y VT — 7 HEERITH . EHCTRICB I AHEERT T2 25, MBEBSENEHF SN
CT RIS WEREZHEETEETH - 72
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OP3-08 <~ NVFF ¥ ¥ 3 NALMEEE CNN % H\ 72 T I X R SLEI 0 2 3505 2 SMEHE A o b

Oirh ®J', HIVEZEE®, W M °, Tk e’
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W T IRE O SEIP BN REMRAT 12 B\ C, SEMEMERIAR O [F 52 130 T REE O F R B OREBIHBO - OICEECTH D, ARG ClE, b
T X HLEHBYE (Videofluorography, VF) %> CNN & v CTHEIAR & HEHMI T 2 FE2R—ET 5. XEHREImO % 7 L —
PATIERIEHSE CTH B, FOMERRERIEEIES L, by TNy NEW, V=~V 7 1 V%, Local Binary Pattern WL¥ % Z 12
WHEH L C4o0hEmG 2 Bl 5. 2SO &2 5 300§ %@L RCBOEKEF ¥ » A IIZRELZ1 DD T —
WREAERT S, ZOHT—0FEIZ/Sy F =20 CNN %@ L, MERBCEREEZ 9 5. ANEIEE] R 72 & O %L % 8
AL, HERIRFE Z M3 2. FREEEOMAEDEOH D SRR b O % BINT 5. EEO X HEHEE ISR TEZ#H L
VAR T S N

OP3-09 CT 2B A7 b T AFHHI X 2B % L 7e
OFf MY B EE° HH &' @i &'

KBRS BEEERBR O G, * OV E Y BITREY 7 by = 7 T, PV E Y TRRFa Y Koy
BRI, * M a4 NBL BF5eT

Atlas-guided approaches have shown good prospects on automatic medical image segmentation, in which probabilistic atlas
(PA) and multi-atlas segmentation (MAS) have become the most popular models. This paper provides a comparative study
between PA and MAS on liver segmentation in CT. For PA, a single atlas is built for spatial correspondence purpose, via
co-registrations of all the training images, and segmentation is implemented by registering the resulting atlas to the target
image. For MAS, no atlas building process is needed. Each pairwise registration between the target image and the training
atlas is performed, followed by propagating all the atlas labels to the target coordinate, the segmentation result is then
achieved. In the experiments, a set of 30 abdominal CT images from cooperative hospital was used, and comparative results
showed distinct superiorities of the two atlas-guided models on liver segmentation.
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M AR Y, EILER L oW EOF R SR BN

KEFZETIE, e L CHIMEA L MEDa > M5 A M2 10 1 m OZEMHEEC & 0 A KRR 3 koo &2 LT
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M OWTHE T 5.
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OP3-18  Generative adversarial network # H W72l 3 kot CT Wik
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(e
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This paper presents a novel super-resolution method with unpaired training dataset of clinical CT and micro CT volumes.
For obtaining very detailed information such as cancer invasion from pre-operative clinical CT volumes of lung cancer
patients, super-resolution of clinical CT volumes to u CT-level is desired. While most super-resolution methods require paired
low- and high- resolution images for training, it is infeasible to obtain paired clinical CT and u CT volumes. We propose
a novel training approach based on Cycle-GAN, which does not need paired clinical CT and u CT volumes. Experimental
results demonstrated that our proposed method successfully performed super-resolution of clinical CT into u CT-level.
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[Objective] The purpose of this study was to evaluate the performance of upright CT in a phantom study and the effect
of gravity on large vessels and the pelvic floor. [Methods] We compared the physical characteristics in a phantom between
upright and supine CT. Asymptomatic volunteers underwent both CT examinations. The area of vena cava and aorta and
the changes of pelvic floor were evaluated. [Results] The performance of upright CT was comparable to that of supine CT.
In the upright position compared with the supine position, the area of SVC was significantly smaller, the area at the level
of the diaphragm was similar, and the area of IVC was significantly larger, while the areas of aortas were not significantly
different; the pelvic floor descended in the upright position. [Conclusion] Upright CT was comparable to supine CT in physical
characteristics and useful in clarifying the effect of gravity on human body.
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Automated segmentation of gross tumor volumes (GTVs) are demanded to reduce intra- and inter-observer variabilities in
GTV contours, which affect to treatment dose distributions. Hence, we attempted to develop an automated approach using a
dense V-Net deep learning, which can segment small structures.

Datasets of 3D planning CT images and GTV contours for 194 lung cancer cases determined by radiation oncologists were
fed into the dense V-Net as input and teacher data, respectively.

The proposed approach achieved an average Dice’s similarity coefficient (DSC) of 0.792. The average DSCs for solid and
part solid GGO types were 0.807 and 0.782, respectively.

The proposed approach could be useful to delineate the various types of GTVs in treatment planning.

57



OPA21  PHllid Y 58 & W IR TR 2 5 —~ k)
OMH i, WE 1
BEBORFR B T S

WA EE L VEREOBCEENATH L AT /) —~< (EEBEME) ORI L SRELRSHERO D, WEFERIC X
LHBZMFEORMIEIITON TS, FTEOEEFE 2 AV FL, M a2 2 & 2 CHEMEICT
BT A E VRIS A EH L T A, @R R CE IEEEOm CUEORMATFR I N Tz, KAl ZINFTAT
J =< HBIZIIC B 2 BIMBIOIERIZ O W T —EBOMG 2 TV —FEDOREE FEH L7275, BRI T SN 5 igiEiIct
DA FMEDE AT — 7 SR % ERN RIS 2 LD S T2 M@, FRICERS 2 Tl ®%E, W TR
BOWFEMEDPFE SN TV, Z 2 TRIIETIE, ZHHRETFHOBER L2 B E L, EEEEE0 2 X— 22T\ 7—
O - WHICK 2B AR Lz, /2, VAT AFEHEBOBEZEIC L DV ESNAHMENFIRE DBEEEIZOWVWTY
g, BRI L 7=

OP4-22 MDA D729 @ Conditional GAN 2 X 5 2738 Wi {54 %
Ol #se ', #i HEA HmmeEA !, My a2
DRtk KR TAAIRCRE, 2 RS B AL R = TR B

BUE, WA AOFHIZEMO HHTITON T w5, EMOGHEZERT 2 20 MEB I X 23 LEmPEINT LD
FEOIOI LT SRR 2 ET 5 2 CIIREETH 5. 2070, BRI Z & 8D A T JE B A 1 A3T
NTW5. JERFIETH H DCCGAN % Fv 7o N TR B (§AE)IK T T R 2 2 WEOE G2 RETHEICEA L. £
D720 H T BEEHHNR & > 7oA BIRZINET G2 A L T L $ ) MEDY S - 7.

ABEGE T LFEER OIRZL W5 & IEDFFI DR WG D T~ & 45 L 725728 7 — & % i\ 7z Conditional GAN 12 & % i{§4E
L Z T . B L 72NN Z CNN THEE L 722 AR Br OB 1T, SFRITH L T e 20 EGI 2@ L7z,
EEROME, GERTEE L D RIAEED AL LATEOGMIEZ R L 72

OP4-23  Deep CNN B 25D T 7 > ¥ a ¥ A= XL 2 L7z CT Wiffa 5 O RRFIR D A H)
il X
O Gkt ’, i fk’, B R R Mo bk IR R BuZ H KK
VB AR A B 1 ARBR S EARTR GO A BB T W, B KA A B 5 B

KWFED H Wi, B4 Mg o 3 19 CTHoe S VRS CT Mmif%2 & FLRSEI A Sl U, BN 204 28R T 52 L TH D,
TR THEEE L - SUEI 0 5 7 T0) 39485 D Attention Map Z I L€, FLIGH O BB 247 . B OFR LT
A MW, FNFENR AR L 16 EF 2 FIH T 5. 3RkIC CT Wik 580 L 2FLEHEEICB W, FLE M % Mixi & 3 5%
Wrm (%% 1 2 L 24T 5. Attention Map (&8 JH D 80 FEFNCHE DS W TIER SN D, AEET L IZ5%ED b L7z Attention
Map % 2 IRICTHER L, Attention Map b CHFE AT 122 Pl o $HE % FUR A O A5 5: & 9 5. Attention Map 12 & 5 Hil
HikE 5 & B/ TR L 22 SUIRAEI 0> 16 FEBI D> & 3K b 723 Dice 1% 49.6% Td» - 72. Dice il DA\ FEG 13 UL RIS ASHE L
TWwW5 2 & %2R L7z, Attention Map IZFLRFEINO ZZRI 2 0 A2 FETE D EEZ 6NL7-0, FURFEMOMESRET b T X
DOVERICFIHC&E W RelD S % .

OP4-24  Automated approach for estimation of sizes of lung cancer on planning CT images using deep
learning with non-negative matrix factorization

O Ma Zhuangfei', Arimura Hidetaka?, Nakano Risa', Yoshitake Tadamasa® Shioyama Yoshiyuki

"Department of Health Sciences, Graduate School of Medical Sciences, Kyushu University, Fukuoka, Japan, *Faculty
of Medical Sciences, Kyushu University, Fukuoka, Japan

Assessment of the change in tumor volume is a substantial factor in the clinical evaluation of cancer treatment. However, it
is tedious and difficult for medical doctors to manually measure lung tumor longest diameters ( > 10mm) in three-dimensional
computed tomography (CT) images, and evaluate tumor responses such as complete response and progressive disease. We
have developed an automated approach to estimate lung cancer sizes on planning CT images using a deep learning with
non-negative matrix factorization (NMF). The longest, middle and shortest diameters of lung cancer were estimated by the
largest, middle and smallest standard deviations in the coefficient matrices in NMF, respectively. The errors of estimated
lung cancer sizes in the longest, middle and shortest diameters were 17.53%, 21.14% and 20.58%. The NMF would have a
potential for estimating the longest diameters in the lung cancer sizes.
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Usually, Computed Tomography (CT) image reconstruction refers to a process of creating tomographic images from X-ray
projection at various directions. To reduce the radiation dose, many algorithms were proposed to improve the reconstruction
process. Generally, they can be divided into two categories: analytical and iterative approaches. Analytical methods are
difficult to achieve high accuracy, whereas iterative algorithms suffer from high computation cost. To solve the problem,
we apply 2D U-Net convolutional networks to the CT image reconstruction. In contrast to the conventional methods, the
proposed approach realizes the reconstruction from the already created CT slices, not the X-ray projection. Using the U-Net,
we can create a new middle slice between two adjacent CT slices. This means that we can decrease the number of CT slices
to reduce the radiation. We compared the proposed algorithm with interpolation method. Experiment results show that the
U-Net based reconstruction totally outperforms the linear interpolation.
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This study investigates whether reconstructed spectral reflectance from macropathology multi-spectral images (macroMSI)
can assist binary classification of tissue malignancy to identify excised tissue margin during skin cancer diagnosis.

We captured high resolution 7-channel macroMSI of 10 samples before and after formalin fixing and a pathologist labelled
115 regions of interest. We reconstructed spectral reflectance by adaptive Wiener Estimation. Subsets of reconstructed
spectra were input to k-Nearest Neighbors (kNN) and Support Vector Machine (SVM) classifiers and evaluated by average
area under curve of stratified 5-fold cross validation.

Results revealed that inclusion of unfixed spectra improved classification results. SVM outperformed kNN classifier.
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Partial nephrectomy is a common treatment for kidney tumors. Due to the wide variety of tumor’ s anatomical structures,
relations between tumor’ s morphology and surgical outcomes have gained a lot of research interests. Quantitative evaluation
of kidney tumor can help physicians to have a beter understand of tumor status. Manual segmentation of kidney and tumor
is a time-consuming and expensive task. In this work, we used a 3D fully convolutional network to automatically segment
kidneys and tumors, and then use traditional statistical analysis methods to quantitatively evaluate the kidney tumor. By
using deep-learning based method, kidneys and tumors can be precisely extracted from 3D CT scans. The quantitative
analysis can be used for further surgical planning, such as renal clamping strategy. Our segmentation accuracies of kidney
and tumor are 93.4% and 42.3%.
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MR 1image reconstruction by approximation of posterior mean

solution using constrained ensemble learning

Nanako KUBOTA™, Ken HARADA™, Koji FUIIMOTO™, Tomohiro OKADA™, Masato INOUE"!

*1 Waseda University
*2 Waseda Research Institute for Science and Engineering
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In MR image reconstruction, its accuracy is expected to be improved by combining multiple image prior distributions.
However, finding the optimal combination of prior weights by cross-validation method is usually intractable in terms
of the exponential calculation cost. In our previous study, we introduced a constrained ensemble learning method to
realize using such multiple priors with the linear order computational cost. Moreover, we made theoretical justification
of the proposed method, which approximates the posterior mean estimate. In this research, we refine the theoretical

justification and validate the method with more image priors.

Key words: ensemble learning, MR image reconstruction, compressed sensing, posterior mean estimate
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Effects of detector models on noise variance

in X-ray computed tomography images

Kazuya Tanoue™', Mitsuru Ikeda™', Yuuji Umeda™
Chiyo Yamauchi-Kawaura*', Keisuke Fujii*!, Kuniharu Imai*!
*1 Department of Radiological and Medical Laboratory Sciences, Nagoya University Graduate School

of Medicine

We have studied the effects of two detector models, quantum counter and energy integrating detector
models, on the ensemble expectation of spatial noise variance in X-ray computed tomography (CT)
images, under the assumption that noise is confined to the statistical fluctuations of X-ray photons. In this
study, we compared the estimated values of spatial noise variance from the simulation studies of using the
two detector models and its analytically-calculated values, when the two detector models output similar
values. For the two detector models, the analytically-calculated ensemble expectations of spatial noise
variance were well agreed with their estimated values from the simulation studies of using a virtual X-ray
CT system. Further, the difference of spatial noise variance was small between the two detector models.
The results of this study show that the effects of the two detector models effects were small on spatial
noise variance in X-ray computed tomography images, and that the quantum counter model was
suggested to have high robustness in the studies of noise variance.

Key words: Computed tomography, Image quality evaluation, Radiation exposure dose
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Single-image Super Resolution using the Similarity of Sparsified Space

Yasuhiro CHIKUMA*1, Shohei OUCHI, Satoshi ITO*1

*1 Graduate School of Engineering, Utsunomiya University

Higher spatial resolution is required in many image processing applications, therefore, super-resolution
has attracted attentions in recent years. If super-resolution can be applied to the sectional image of a living
tissue, it will improve the accuracy of image diagnosis. In this study, a new image magnification method
is proposed and demonstrated, in which the eFREBAS transform is used as sparse coding. Obtained
images were compared with learning based super-resolution method (ScSR) in terms of PSNR and SSIM.
Experiments showed that obtained images in proposed method showed comparative PSNRs and SSIMs
to Deep Learning based method for MR images. In addition, interpolated images have higher resolution
and have much more details of the subject than that of Dictionary based method. These studies indicate

that proposed method is effective for image magnification of medical images.
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Evaluation of Artifact Correction for Small Metal in X-ray

Tomosynthesis

Keisuke YAMAKAWA™, Keiko TAKAHASHI?, Tadashi NAKAMURA™

*1 Hitachi, Ltd. Research & Development Group
*2 Hitachi, Ltd. Healthcare Business Unit

The X-ray digital tomosynthesis (DT) image reconstructed by limited projection angles causes severe metal artifacts
compared with CT acquired at over 180 degrees. The region growing (RG) was applied to detect metal in the
projection data. The conventional method which we proposed in 2018 needs accurate metal extraction based on 3D
region growing. The method cannot extract small metals such as pins, because of discontinuity of the metal in 3D
projection data. A novel method is proposed to separate the metal from projection data by combining pattern matching
between neighboring projection angle. The proposed method was compared with the conventional method based on

3D region growing. In the phantom, the proposed method reduced the metal artifact close to metals.

Key words: Tomosynthesis, Metal Artifact Correction
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MR Compressed Sensing Reconstruction using
Generative Adversarial Network

Shohei OUCHI™, Satoshi ITO™

*1 Graduate School of Engineering, Utsunomiya University

Compressed Sensing (CS) has been applied to reduce the scan time of MR acquisition. CS image reconstruction requires
an iterative process to solve the L1-L2 minimization problem, so it is more computationally intensive than traditional

inverse Fourier reconstruction. In addition, the obtained image tends to have artificial appearances.

Recently, CNN-CS (Convolutional Neural Network based CS reconstruction) has been proposed. CNN-CS outperforms

traditional CS methods in terms of image quality and reconstruction time.

In this study, we examined CNN-CS using Generative Adversarial Network (GAN) that trains two adversarial CNNSs.

Reconstruction experiments showed that proposed method outperforms traditional CS methods.
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Simulation Study of a Novel Brain PET Scanner Using 100-ps
TOF-DOI Sub-millimeter Resolution Detectors

Yingying LI, Mitsuo WATANABE?, Takashi ISOBE?, Kibo OTE?,
Takahiro MORIYA™, Aoi TOKUI, Tomohide OMURA™, Huafeng LIU™

Abstract

A novel brain PET scanner using 100-ps TOF-DOI sub-millimeter resolution detectors is proposed, and a simulation study is
performed using the Geant4 application for tomographic emission to estimate the physical properties and the image quality of
the scanner. The detector consists of four layers of independent scintillation detectors with an outstanding TOF capability of
100 ps and true first interaction point (FIP) detection ability. The spatial resolution was measured according to NEMA
standards. To evaluate the image quality of the scanner, we implemented not only excellent spatial and timing resolution, but
also DOI detection with the addition of FIP information. Hot-Derenzo, and NEMA image quality phantom were simulated
and analyzed reconstructed images in terms of image quality. Our proposed PET scanner has the potential to open a new field

of brain study.
Keywords : brain PET, time-of-flight, depth-of-interaction, first interaction point detection

1. Introduction

Positron emission tomography (PET) is an essential in vivo molecular imaging tool that plays a key role in both
research and clinical studies. PET scanners are currently popular in clinical studies, and many efforts have been made
to further improve the performance by using various strategies. An ideal PET scanner is expected to have both a
high-resolution—Iless than 0.5 mm full width at half maximum (FWHM) and very close to the limiting spatial
resolution—and as high a sensitivity as possible to achieve excellent image quality.

We developed a brain PET scanner, using independent four-layer depth-of-interaction (DOI) detectors [1]. The
spatial resolution was approximately 0.9 mm over the whole field of view (FOV). The imaging performance was
demonstrated in a study of the human brain and in preclinical studies, and excellent images were obtained. However,
there remains room for improvement and for realizing an ideal PET scanner. To further improve the excellent image
quality, we propose a novel brain PET scanner using 100-ps time-of-flight depth-of-interaction (TOF-DOI)
sub-millimeter resolution detectors with multilayer independent readout structures. This paper describes the proposed

concept and the performance evaluation results of the simulation studies.

*1 College of Optical Science and Engineering, Zhejiang University
(866 Yuhangtang Rd, Hangzhou 310058, P.R. China]
E-mail: liyingying@hpk.co.jp

*2 Central Research Laboratory, Hamamatsu Photonics K. K., Japan
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2. Materials and Methods

2.1. Brain PET scanner design

A brain PET scanner using 100-ps TOF-DOI sub-millimeter resolution detectors is proposed. The TOF-DOI
detector consists of four layers of a LYSO scintillator array coupled with a multi-pixel photon counter (MPPC) array,
where the scintillator array has 1.0-mm? crystal segments of 50x50 and the MPPC array has 3.0-mm? chips of 16x16.
The scintillator thicknesses of the four layers are designed to be 2.5, 3.0, 4.0, and 6.0 mm, respectively, toward the
bottom, to achieve not only a higher DOI resolution, but also a coincidence timing resolution (CTR) capability of less
than 100 ps because the photon transfer time spread in the scintillator decreases. The four-layer structure with
independent readout also allows us to detect the first interaction point (FIP) by analyzing Compton scatterings across
and between the layers. The brain PET scanner has 96 TOF-DOI detectors arranged in a shape with a
400-mm-diameter detector ring and a 206-mm axial FOV. The major characteristics of the brain PET scanner are
listed in Table 1.

Table 1 Major characteristics of a brain PET

Detector

Detector material
Crystal size (mm)
Number of layers
Number of crystals
Photodetector
Number of MPPCs
Ring geometry
Number of detector rings
Ring diameter (mm)
Ring pitch (mm)
Number of bank
Transaxial FOV (mm)
Axial FOV (mm)

LYSO:Ce

1.0x1.0x2.5, 3, 4,and 6 (50%50 array/unit)
4

960,000

3.0 mm square MPPC(16x16 array/unit)
98,304

206
400
1.0
24 (4 detectors axially)
300
206

2.2. Image reconstruction

The reconstruction method for this study is a list-mode dynamic RAMLA (LM-DRAMA) algorithm. Data
corrections, including attenuation and scatter correction, were applied. Images were reconstructed using two iterations
and 40 subsets. To evaluate the influence of TOF and FIP on image quality, the reconstruction images were compared
in four categories, namely TOF and non-TOF for both winner-takes-all (WTA) and FIP. Moreover, to evaluate the
benefit of DOI detection, reconstructed images with and without DOI were also compared. The image matrix size is

120x120x81 with a voxel size of 2.5x2.5x2.5 mm? unless otherwise noted.

2.3. Simulation studies
All phantoms were estimated by means of a Geant4 application for tomographic emission (GATE) simulation
toolkit [2]. An energy resolution of 10% FWHM at 511 keV and a coincidence time resolution of 100 ps FWHM were

set in the simulation. The energy window and timing window were set to 425-600 keV and 1.5 ns, respectively. As for
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data analysis, ASCII-format Hits and Coincidences were collected, as well as delayed data used for random correction.
Both the WTA policy as the default mode and true FIP achieved using the Hits and Coincidences data were used for

the position of y-ray detection.

2.3. 1. Reconstructed spatial resolution

Spatial resolution was performed following the NEMA NU2 2018 protocol, but data was reconstructed by
LM-DRAMA instead of the FBP method. The image matrix size is 600x600x411 with a voxel size of 0.5x0.5x0.5
mm®. An F point source of 1-MBq activity was placed into each 0.25-mm-diameter water sphere, and the spheres
were placed into a cylinder phantom filled with low-activity as a hot background. According to NEMA,
approximately 200k coincidences were collected at each sphere. The source was placed in six different positions i.e.,
at radial offsets of 10, 25, 50, 75, 100, and 125 mm from the center of the FOV, where two axial positions, namely the
center and three-eighths of the axial FOV from the center of the FOV, were measured. The FWHM values of the point

source images were determined by fitting the radial profile using a Gaussian function.

2.3. 2. Contrast recovery and noise
The required activity of **F radioactive water in the NEMA body phantom is approximately 50 MBq to simulate a
background concentration of 5.3 Bg/ml. The phantom includes six spherical water lesions with an activity
concentration eight times that of the background; it was placed in the center of the FOV. A total of 30M coincidences
was collected.
The contrast recovery coefficient (CRC) is defined as:
(")
(“H/ap)-1

where Cy; is the average count in the region of interest (ROI) for each sphere; Cg; the average background ROI count

Qu; = x 100% @)

for each sphere; and a and ag the activity concentrations in the hot spheres and background, respectively. Following
NEMA, ROlIs of the same size as those drawn on the hot spheres were drawn in the background of the phantom on the
slices centered on the spheres. Twelve ROIs were drawn in the background of each sphere; thus, sixty ROIls were
calculated as the background value. The NEMA body phantom was reconstructed using LM-DRAMA with
TOF/non-TOF and WTA/ FIP. The CRC and background variabilities thereof were compared.

2.3. 3. Imaging phantom

A hot-Derenzo phantom was simulated; it was subdivided into six sectors with rod diameters of 1.7, 2.4, 3.5, 4.7,
6.0, and 7.1 mm built into a cylinder phantom with a diameter of 150 mm and height of 37 mm, the source was
back-to-back gamma with an energy of 511 keV, and the activity for each rod was 5 kBq. Images were reconstructed
using LM-DRAMA with not only TOF/non-TOF and WTA/ FIP, but also DOI/non-DOI.
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3. Results
3. 1. Reconstructed spatial resolution
The spatial resolutions reconstructed with the LM-DRAMA for TOF of both WTA and FIP are shown in Fig. 1. Our
proposed brain PET system with FIP detection achieved an excellent spatial resolution of the sub-millimeter order in
the whole FOV, except for the 125-mm radial distance, especially of less than 0.5 mm FWHM within the 50-mm

radial distance.

1.2
L1
1.0
0.9 =
0.8F
E o7} A
s L
T 0.6} I
= L
=05k "
r B —
04 ¢—®
03F
02k B WTA at aFOV center
1 B WTA at 3/8 aFOV
01k —&@— FIP at aFOV center
L @ FIP at 3/8 aFOV
0.0 L 1 L 1 L 1 N 1 L 1 " 1 N 1
0 20 40 60 80 100 120 140
Radial distance from center of FOV (mm)

Fig. 1 Spatial resolution of point sources at different radial and axial positions.

3. 2. Contrast recovery and noise

The percentage contrast recovery coefficients for each hot sphere and the percentage background variability values
are shown in Table 2. Comparison of the TOF with non-TOF values in both WTA and FIP shows that the TOF
reconstruction obviously reduced the background variability by more than half. Moreover, the TOF reconstruction led
to a better contrast recovery than non-TOF. In addition, the results show that FIP improved the contrast recovery and

background uniformity for both TOF and non-TOF.

Table 2 Contrast recovery coefficient and background variability for 8:1 sphere-to-background ratio

Sphere Contrast (%) Background variability (%)

Size WTA FIP WTA FIP

(mm) TOF non-TOF TOF non-TOF TOF non-TOF TOF non-TOF
10 28.43 28.43 35.26 33.56 10.68 22.99 8.23 17.34
13 30.30 27.98 42.43 38.88 9.81 17.07 7.54 14.09
17 33.29 32.50 40.12 38.86 10.76 18.02 7.16 14.75
22 37.53 34.76 51.79 435 8.49 14.95 7.91 16.09
28 48.06 47.12 57.50 56.75 7.68 14.43 7.99 14.56
37 54.69 49.18 53.60 53.43 5.79 14.15 6.31 13.23

3. 3. Imaging phantom
The TOF, non-TOF, and non-DOI images of the hot-Derenzo phantom centered at the FOV are shown in Fig. 2.

The DOI reconstruction significantly improved the image quality, which is easily observed in the smallest diameter
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rods of 1.7 mm, even in the peripheral region. Compared to non-TOF, TOF provided clear edge information,
particularly for rods with a radius of 7.1 mm, as indicated by the arrows in the image. From a visual perspective,
images with FIP information have a better image quality such that even the rods with a radius of 1.7 mm are more

clearly separated compared to the images with WTA.

TOF -DOI non-TOF-DOI non-TOF-non-DOI
s
-
WTA eeee epmaanas

ses & % 5 12

o
8
4
FIP ’

Fig. 2 TOF, non-TOF, non-DOI reconstructed images of the hot-Derenzo phantom centered at FOV. Rod diameters
arel1.7,2.4,35,4.7,6.0,and 7.1 mm.

4. Discussion and Conclusion

Simulation studies were performed to evaluate the spatial resolution and image quality of our proposed brain PET
scanner. The simulation studies confirm that the described system design achieved an excellent spatial resolution of
the sub-millimeter order, especially of less than 0.5 mm FWHM within a 50-mm radial distance. Furthermore, the
hot-Derenzo phantom was reconstructed and the results show that the system was able to clearly resolve hot rods with
radius of 1.7 mm up to a radial distance of 75 mm. For the NEMA body phantom, the TOF reconstruction with 100 ps
homogenized the background by more than half, and led to better contrast recovery than that with non-TOF.
Additionally, FIP detection improved the contrast recovery and background uniformity compared to that with WTA.
In conclusion, the results demonstrate that our proposed brain PET scanner using 100 ps TOF-DOI sub-millimeter

resolution detectors has the potential to realize high imaging performance.
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Super-Resolution of a thoracic CT volume using cycle loss
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Itis difficult to collect a lot of paired images of low resolution (LR) and high resolution (HR) that are commonly used
in the most of the existing super resolution techniques. This paper presents a method that employs a cycle loss which
does not require paired LR and HR images. Our previously proposed super resolution method used GAN to train
ResNet as a generator and CNN as a discriminator. In contrast, the proposed method trains ResNet whose loss function
includes the cycle loss that evaluates reconstruction errors of LR image. We applied the proposed method to a thoracic
CT volume to achieve eight times super resolution and evaluated the performance. This paper compares the results

with those using paired images and discusses the effectiveness and limitations of the proposed method.

Key words: Super-Resolution, unpaired images, Cycle loss, GANs, CT image
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TERIND BWEERZM T L5 ICEE 21T
9.

©)

G" F*=arg rg'%nm%JgL(G,F,DA,DB)

Z® Cycle GANIZ KA AL NAAL B
DA FE ¢ D Z L TR EIT S . Cycle
GAN ~D AJJEAERL L 7= ROT B4 T % .

3) ResNet (T & 2 PHERERFAMNL

Cycle GAN T X o THEHE(L S U7 14 % FFEAT
T H72DIZ, ResNet IV D. RAA A %R
#e LT B4, Cycle GAN IZ L DIEHENLDOEZ)
PEZMERT D701, 9 ResNet & KA A 7 A
DT —FEHNWTHEEEZITH. £ LT, Cycle
GAN THEHE(LZ{To72 KA A B LiE#E(L %
fToTWRWRAL LV BOEKREZ, RALVA
THE L7z ResNet ZHWT 6 7 7 AT
VY, Accuracy, Precision, Recall, FEIZZENH
LME I ERGEET DH. E£72, ResNet IC AT
DT — X O L LT, z-score normalization
F 72 1% min-max normalization %47 9 . z-score
normalization & 1%, 7 —# O % 0, AR
=% 1 T 5 EHNETH L.
normalization &%, &7 — ¥ Of/ME% 0,
KiEZ 1 T2 EHLIETHD.

min-max
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3. EBRER
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ROI {4 & T DBRIC T FATEDANT
A RigZ#—LCTLE S &, ROIEHOBHIC
RERWONELTLE Y. ZOW, AR
TIXBE Y -2 T LIZA T4 Nig %%
35 Z & T ROl DME A2 T A 3000 HFE
WCHii R 7. RTICRBEANAZ - TEIIRELE
A T4 i & RO EGOKEZ R~ . Ak L
7= ROI BRIZIXfEE N — L DA T ~ L%
5 L7,

2) Cycle GAN (T L A= #EfY,
AHFFETlE, Cycle GAN (2 A )9 % A3 32
X 32[pixel] & /h S WU A XD 7=, Generator |2
17 % ResNet @ layer $t% 3 & L7=. £/, f#



F1 AR L7777 AT LD ROI
FFIZCRELIZA N T4 Kig

B L, ARk

ROI ERER(1]) ZRSA RIE
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FXA v KX 4y A4 A
A B 5
RiER 3071 3447 3 I
AR 3023 3311 16 T2
fifisuiE 3122 3021 24 77
TOHSR 3460 3273 2 T8

g

LR 3236 3434 13 E
E=s 3117 3035 29 2

7% 2 Cycle GAN OFE ITHW-FIiT — & &7

A NT— 2 DORE
L ) FZARF—%
FX AV FXA v NG KX 4y
A B A B
PR 1022 1027 2049 2420
b RyN-A 1018 1020 2005 2291
Fi<UiE 1020 962 2102 2059
ITHHSZ 989 996 2471 2277
(539
2 B i 1003 1021 2233 2413
na= 1003 1024 2114 2011

M+ 57 =237 v —RAr— LDz, NF
¥ARME L &L, Bt FEICIE Adam[4])% A
Wiz,

Cycle GAN OB W=7 7 2O FIET
— LT AT OB ER2ITRT. K2
R L7237 — & 2 F\C Cycle GAN % %%
BIW., RAAL UEWOFEZIT>72 Cycle
GAN (2 X 5L DBl 2K 4, 5123 T. K4
ERAAL Y BaE RAAL L AIKERE(L (R AL >
B> RNAA L A) LIEREROFITHY, K51
RAAL > AZRAAL Y BICHEREL (RAL A
= RAA 2V B) LIfEROBITHD.
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3) ResNet O3 R

f#i [ L 7= ResNet O 1& 1%, 6 IZ/RT
Residual Block % 5 OfifE L, 4 & H DO AT DR
\Z Average Pooling J§ 4 MA 726D TH 5.

£7, FAA 2 A ZHWT ResNet DFE %
ITolfER%ZRT. Resnet DFHIZIX, £1 T
AL RAAL A ORRRE O ROL BGHICE

DETKYZ T2 3023 HOBEBRELHEH L. £
e, DL 9E AT —%, 1 HENY T
A%
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Epochs

7 KA A2 A & HVi= ResNet D582
B T, min-max normalization % 1T > 7=BF D
ResNet @ Accuracy D HEF

1.0 1 — training

—— validation

0.8

0.2 4

0.0

60 80 100

Epochs

0 20 40

8 RAA L A &7 ResNet D38|
BT, z-score normalization & 1T > 7=HFD
ResNet @ Accuracy D HER

—YaryF—H&EL, epoch IX 100 & L THH
wATo72. ResNet (CAST 27 — 2 ORTLH L
L T min-max normalization %17 > 7= & & O
Accuracy DH#ER % X 7 12773, epoch100 Kf D FI
T — X% 5 accuracy (% 0.953, NV T —
Va7 —HIZkT % Accuracy 1F 0.894 L 72 o
72 . z-score normalization % 1T » 7= & X ®
Accuracy DH#ER % [X] 8 |Z73. epoch100 Kf D FI
T — Z kT 5 Accuracy 1% 0.969, T A T
— Z1ZxF 9 5 Accuracy (£ 0.910 & 72 - 7=,
WRIZ, RAA 2 B &M T ResNet DFH %
fToTofE A2 R9. Resnet DFEIZIL, 1T
KL RAA > B OO ROT BB EIZE
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—— training
~—— validation

0.0
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9 RAA > B ZM7= ResNet D2E (2
B T, min-max normalization % 1T - /=B D
ResNet @ Accuracy D HEF

80 100

1.0 1 — training

—— validation — e ————

0.2 4

0.0

0 20 40 60 80

Epochs
10 KAA > B %MV 7= ResNet D%E |2
BT, z-score normalization %17 > 7=HFD
ResNet @ Accuracy D HEF

100

bETH7 7 A 3021 fLomBzMmL. %
e, 2055 9 EZIT —%, 1HEZ) T
—YaryF —H&EL, epoch IX 100 & L THH
Z4To7-. ResNet (C AT 57T — X ORI L
L C min-max normalization % T - 7= & & @
Accuracy DH#ER % [X] 9 |27, epoch100 Kf D FI
T — Z kT % Accuracy 1% 0.977, N F—
Va7 =Xk % Accuracy 13 0.933 L 72 o
72 . z-score normalization % 1T - 7= & ¥ ®
Accuracy OHER % X 10 (2787, epochl100 FF D
T — 2 12k 5 Accuracy 1% 0.986, T A b
T —HZIZxX T D Accuracy 1E 0.937 &£ 72 o 7.

4) ResNet |2 X D iR (LT O MEREFEAR

P, FASAZBFEELLT, FAAL VB



% Cycle GAN THEHE(L L 72456 OF I 217 -
7z. Cycle GAN THEEHELZAT > TWRW R A A
VB LIEHENEI TS RAAL Y BOEGE, K
AA v A THEBEZITo7- ResNet DA & L,

RBERICEN B 200 E 9 RGE LTz, FEmICAE
HL7T—% OB, £ 2 127”8 L7% Cycle
GAN D KA A Y B DT A KT —HITHIG LT
Wb, ANJTT — X O T min-max
normalization % M\ 723456 OPEREFHANE 4 & 3
R, K3 XV, FAA U B OERE L
BB AT D L, TXTOT7 FRITHEN
THEHEALTR O FE R MELRTOfE 2 R[5> TV
LT WD, £z, XL O Precision &
Recall DfEH T E A ENRFELS o TNDHZ &n
b, ERECRTO T — % THIE L7 Accuracy
1% 0.407, BEHE(L 12 O 7 — % THIE L 72 Accuracy
X 0696 Tholo. AT —F OFTLHET z-
score normalization Z FH\\ 72355 O MEREREAl 8
BERAIORT. £ 4 X0, EAEGETE L
BEETDE, FEAED T T A THEEELE
O FEPEFEELRTOM 2 BBl > TV 525, ik

JEICBIT D FEMES o TWNWDZ ERbng.

ZODOZENDL, ALV AL FA AL B THi

BB, 72, FAL Y B OEELETOF — 4

THIE L7z Accuracy IE 0.426, tE¥ELLE DT —
2 CHIIFE L 7= Accuracy 13 0.713 Th o 7=.

RIZ, RAALBZEELLT, FASLA
% Cycle GAN THEHE(L L 72456 OF I 217 -
7=. Pl GBI R A A > B & Cycle GAN THE
WL LG E LR CTHh D, FHMICEHR LT
— X OREIE, #2128 L7 Cycle GAN @ K £
AV ADTARNT=ZIZHIGL TS, AJ)
7 — X O FiALEE T min-max normalization % >
2% OYERERHIE 2 % 5 (TR, £5 X0,
RAA Y A ORERECHT &R 2 T 5
L, TRTOI T ATHAEEZ O F BRI
RIOMEZ EEl>Tn5. F7-, EELETOT —
2 CHIE L7 Accuracy 1% 0.450, FEHE(LZ DT
— % CHIE L7z Accuracy 13 0.571 ThH-o7=. LL
EEY, TRTD7 T RZBWTEREEEDT
— Z\Z X DFAIMERE DS, FEAERT & HE L T <
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F£3 AL BICHT HEARENICIIT D, min-
max normalization % AV 7= ResNet {2 & - THl
& L 7= MERe sEAmAE

RX > B DZ#{LHT RX> B DZ#{LE

precision | recall | Ff& | precision | recall | Ff&

2= | 088 | 099 [ 093] o 97 | 097 [ 0.97
wtkes | 001 [ 000 [0.00 [ 051 | 08I |0.63
fhisgE | 1.00 | 0.00 [ 0.00 [ 056 | 037 | 0.45
5055 | 013 | 030 [ 0.18 | 089 | 0.60 | 0.72

XI5

wemps | 051 | 099 [ 0.67 | 078 | 0.83 [ 0.80
s 001 | 0.00 [000| 053 |053]053
Aerage | 043 | 041 [ 032 ] 072 | 0.70 [ 0.69

F 4 FAA Y BITHTHEREILIZEBIT S, z-
score normalization % FJV 7= ResNet (& J - Tl

FE U7z PERERFAR

RAA> B DRELE] | BXA> B DRELR
precision | recall F fii precision | recall F i
S EEs 0.99 0.84 | 091 0.97 0.97 | 0.97
RIRES 0.41 0.19 | 0.26 0.54 0.82 | 0.66
S iE 0.60 0.85 | 0.71 0.64 0.35 | 0.45
TNHS 0.53 0.01 | 0.02 0.91 0.61 | 0.72

R[IE%
52 B By 0.21 0.59 | 0.31 0.79 0.87 | 0.83
& 0.12 0.05 | 0.07 0.52 0.59 | 0.55
Average 0.49 0.43 | 0.39 0.74 0.71 | 0.71

RoTWDHEWZRD., AT —F ORI T z-
score normalization Z FH\\ 72355 O MEREREAl 8
ZF 6T, RAA L A DEUREVET & A= YL,
BaET 5 &, KR, BEM, EX0s 7
A TR B O FEMEREERT LD &<, R
M, WX, 3007 AZEO7 7 ATIHIE
HEALATO F EPFEEEZE LV < 2o TV 5.
F EO V) bR LR & AL CTh £ © &£1b
MW7p. Fie, BERRiOT —% THIE L
Accuracy 1X 0.673, fE¥E{ZEOT — & CTHIE L
7z Accuracy (£ 0.632 Th-o7=. DLELD, fEHE
b DT — 21 X HiBIERE DS, FEME(LAT & L



F5 FAA U ATKT HEAENIZEIT 5, min-
max normalization % 7= ResNet (Z J - Tl

TE L 7o VERE R

RAA> B DRELE] | BXA> B DRELR

precision | recall F i precision | recall E fiti

;2iEs 1.00 0.75 | 0.85 0.99 0.84 | 0.91
FIEyN- 0.01 0.00 | 0.00 0.35 0.37 | 0.36
& IE 0.25 0.98 | 0.40 0.39 0.67 | 0.49
TOHS 0.73 0.36 | 0.49 0.75 0.46 | 0.57

RI2R

5 B iy 0.71 0.60 | 0.65 0.64 0.86 | 0.74
e 0.00 0.00 | 0.00 0.49 0.23 | 0.32
Average 0.46 0.45 | 0.41 0.61 0.57 | 0.57

F 6 FAALY AICKHTHERITBT D, z-
score normalization % H 7= ResNet {2 J - TiHll
L 7= M He FEAmAE

B> B DIRE(LRT | RX1 > BDRELRE

precision | recall | F i | precision | recall | F fi

oz | 097 [ 099 [ 098 099 [ 0880093
wrikes | 0.65 | 030 [ 041 [ 042 [ 064 | 051
fHspE | 045 | 094 [ 061 | 053 [034 042
snps | 064 | 099 [077 | 074 [ 061 | 0.67

a8

geasps | 088 | 058 [ 070 | 076 [ 078 [0.77
s 096 |0.13]022| 053 [0.62]057
Average | 076 | 0.66 | 0.62 | 0.67 | 0.64 | 0.65

BLTELS 2o TND EIFN R 2. K —2
TIx, \Z X % feature
scaling & b8 L C, z-score normalization (2 £ %
feature scaling DN K E < Cycle GAN IZ &
LI ORRDHNII LS olo b VR D,

min-max normalization

4. FLOH

ARIFFETIE, H2EREETRE SN CT
2 AW THEE 21T o BB v AT A
Z, MERKEETLELDL LT DD,
Cycle GAN & HIW CEME DR HEL 21T 5 AT FE &
1To72. A RFEFDBHEHE CRE S
Mg CT Wit % N A A > A, KBKKZE b
JEIERE TR S L CT Hifga KA A~ B
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EL, CycleGANZHIWT RAAL UV A% RAA
VBITEHELLEESGGE, RAL VB E RAA
VAR LIESGAEDYIab—va vk
1T 7-. ResNet % i\ THEAE(L AT & HEHE(L % O
A MERE & PLi U 7oA R, AR YR AT ORI MERE
MEWE AL Cycle GAN (2 X B HEHE(L DA %)

PERHER T&E 7. LanL, fFHLAITH DR
DFIMEREZ R L TW 2561, R (koA

PENHER TE o7,

SHBOBEE LT, BECTEHBLEL DI,
FRBIPEREDY Cycle GAN (2 & 2 Rrf¥ch HH (2K AF
T HI2, WA H 22 R % 45 T Re e
Cycle GAN DI E T 5 Z & BZE T b b.
BARMIZIX, Cycle GAN O %23¥ (2, ResNet (2 &
LZHERIEHEOEEEZERESELZEETELT
W5,

Ei33

ARWFFEIL ISPS BHIF 2 B FA sEIR A 28 £ ot it
BRI % SP26108009, JSPS FhbF & A F 448
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Domain Transformation of Chest CT Images Using Cycle GAN and Its

Application to Classification Systems

Masashi MIYAKE"!, Shingo MABU"!, Shoji KIDO™, Takashi KUREMOTO", Yasushi HIRANO"!

*1 Yamaguchi University
*2 Osaka University

Recently, with the development of digital medical imaging devices, it has become possible to acquire an enormous
amount of medical images. Therefore, studies on computer-aided diagnosis (CAD) have been actively conducted,
where machine learning is applied to build CAD systems using a large amount of medical images. It is important to
construct a CAD system that can be used at various medical institutions, however, there are possibilities that the
accuracy of diagnosis may fluctuate when the photography conditions of the images are different depending on the
medical institutions. Therefore, a CAD system showing good diagnostic performance in a certain medical institution
does not always show the same performance in other medical institutions. Therefore, the aim of this research is to
perform image-to-image translation of chest CT images so that medical institutions can use the CAD system which is
trained at another medical institution.

Key words: Deep Learning, Standardization, GAN, chest CT, Classification
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FEH 7 — U =ik 72 HW o3 E X RERIZB T 5
FIRAC T T AL DN & T — Z JEIEA~ DG
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E5
CAD (ot a—XXEZW) AT LAOPEREN LICEE L 72 D HETT — X OMERIIES T3, 7
— ZPRRHEANTNER STV .
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BT oFETHY, HEEST AT MLt Wo - EFEORKME & il L, X0 FEMRRIR oSS %
FHLATRER HIFTH 5.
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Fio, HEERSOMEELESEDLZ LT, HxRMEMIRE LR TE 2720, HoUHihH L Ty
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1. [ZL®IZ 2L, CAD OF8ikMkre, M HERRITEZE AR
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XPET D CAD (2 Vo — X K2 H) v AT HER L TWDIERRORE BRI ND &
LT DHRZENRHED B, WL DO REL N Il olz. NIRRT EDO—REAEERT
RBE Cbh s Lot/ o7 [1] [2]. L —HIE, A —Fy NMEEE L TRERIZNE
ARETHDLENI Z &Y, BEFEICE DR
M EICRESTFE LTS,

ERSEFICBWTIE, a8 a—% O8N
RE VA R R 2 130 < BT 7. PERRIR B o7z
DI, Bl 7o BT O AFFE B 38 & [FIARIS,
BEREL ANY = —3 g9 U AT K& D ES
IWEREEL 2S5, LirL, ERSFICBWT

1B R A R R G R R
[T305-8573 HUAUAR A X BIR 1-23-1]
e-mail: shimura@komazawa-u.ac.jp

*2 NTT 3 H A B AR e

*3 [EI B PR A AR K = R e

116



W, B R E B R B ENLETH D
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BTG, KEO NIH 2z, BARENT
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gL SN, FEERE, H, BLbic
JEEIICARRE LTS ESHI D &7,
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Bz X, AAREZ LFSTIE, MLk y,
JHF ek R 35 7 HHL o 3A A 72 SRIE ) & L3 U 28 o
72N CT JEBIE AR AR D = 7 A h A FESE
i, BES RN ER OB TIThN
7= [4].
F7e,

K0, BT T A
CHOALMIENRB I mbh TV D

GAN (Generative Adversarial Network)=<>
VAE (Variational Autoencoder) £ 9 IZ{EEH%E
W2k, BT — 2RI LT — 2 & AR
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W5 [10]. 2 b oY MAE, FER G
FEICB T DIER T — 2 REEMi o Fike L
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5.
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Analysis of calcification cluster on mammograms and its application for

data augmentation using Elliptic Fourier Descriptors (EFD)

Kazuo SHIMURA™, Sho YASUNAKA™, Keisuke KONDO™!, Shigeru NAWANO™

*1 Faculty of Health Sciences, Komazawa University
*2 NTT Medical Center Tokyo
*3 International University of Health and Welfare, Mita Hospital

In the medical field, it is not easy to collect enough teaching data for deep learning. Data augmentation is getting
more important to improve the performance.

In this study, we analyzed the shapes of calcification distributions in mammograms using Elliptic Fourier Descriptors
(EFD), which is one of the quantitative analyzing methods of the shapes, and we also applied EFD to data
augmentation of mammograms with calcifications for CAD research.

Elliptic Fourier descriptors (EFD) is frequency analysis method of closed curves such as contours, and more detailed
shaped features can be expressed as compared with conventional features such as circularity and aspect ratio.

The shapes of calcification distributions obtained from the mammograms are converted to EFD data, and a new
contour shape of a new calcification distribution is generated from the obtained feature space. According to the
generated calcification distribution, a new simulated mammogram is generated by embedding the calcification
shadows of the calcification database on another normal mammograms.

We report the results of the verification of the proposed method using CBIS-DDSM, which is a public

mammography database.

Key words: Elliptic Fourier Descriptors, Data Augmentation, Mammography
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Surgical Instrument Segmentation using Estimated Depth from

Monocular Laparoscopic Images

Takuya SUZUKI"!, Keisuke DOMAN"!, Yoshito MEKADA™, Kazunari MISAWA™, Kensaku MORI™

*1 Graduate School of Engineering, Chukyo University
*2 Aichi Cancer Center

*3 Graduate School of Informatics, Nagoya University

It is necessary to extract surgical instruments from laparoscopic images in order to improve the safety of laparoscopic
surgery using a surgery support system. It is reported that the segmentation accuracy can be improved by using color
and depth information. In this paper, we propose a U-Net based image segmentation network using the estimated
depth information as well as color information for improving the accuracy. We conducted experiments using 4-fold
cross validation with 1,800 images in the MICCAI challenge dataset, and confirmed that the proposed method
achieved the average IoU of 89% and the average Dice coefficient of 94%. The proposed method reduced the
excessive extraction and improved the extraction accuracy by using the estimated depth information as well as color

information.

Key words: Laparoscopic Surgery, Fully Convolutional Network, Depth Estimation, Surgical Segmentation

129



OP1-12

T 7 L— b (ETOFEROMEEICILE)  Ver. 2.1 (2019.3.28 &&3iT)

B2 W2 E B RER O X BREBHRIZB T %

A

TR

K EgE T AT =9

MU AR B RET R R G T

=25

BHLRRIE OZW TlX DXA (dual-energy X-ray absorptiometry) (%% H\W\ o B %S ORIENBEEM I LTV
%. DXATEIZ KD BHENETIE, BEHOEH#RE 7 AT = a YINFEMEO@mOEEEOWEICEE
ThD. &I TEETIE, BEERNERORRE X Bugoaiz, FEEE 20w TaiEIcE s 2
YTF—va T HFEERET D, BEENERORIKR X BEGE O TEEETY, FEICER LT
RVWEEI T — & 100 A& AV CHEREREM 21T - 7. #ER & L OB EERIE IS B2 7 KBRS SHE & ol &
L 7= SEIk I 331 T ToU(Intersection over Union) 96.5% & 72V, MIEEICE AT —2 a VAEETH D

T EHERR LT,

F—U— R BEENE, KEE X g, 7

1

BAHFHIEOBWNC AN B D DXATEIC K DB
FEORETIE, Rl kIT /B8N Lo
W, BESOIEME S AT —a UREETH
L. ¥EECTEETEIC L BT 4 v Y
& A7 —3 3 (Semantic Segmentation)?¥iE H
ENTEY, BxRZ AT TERERE I AT
—La VINFRETCH D T EnD, G~
DISHPEA TND.

*1 MRS AR R ERT 2 IR AR D %
T

(T604-8511 FHBHTHARIX Y/ 5 ST 1]
e-mail: s-oshi@shimadzu.co.jp

*2 BRAStEE U ERT SR BRI ZERT AL

VYVa—ara=yh

HEH,

130

v IRA TV g

Z ZTARMIETIE, BB ERERICERS L7ZK
BE X BREfg Oz, WRETEZ O CERE
B 7 AT —va T 5 FEEARETD. 7
FEORGRETIE, FHIHEH L TRV KIRE X

MR D MERE 2 HERE T 5.

2. Fi&

AWFFETIL UNet[1]2X— 2 & L CIRES
TNOBRFEAT, 5T 5 KEEE X FREHEIC
BV TRT A= ERETH. KRG X B
EASL, BHERTVHEEBEE TS X9 10F
HE2ATH.

EEI;J

o

3. #R

FH MG & B ICEBEERERO KRG X HRE
BaERA L. Zh D BREROEEE AT
£Z 04~12g/em? THY, WEIEVVEBE G & FF
OF =4y Tl EAT o 12



FHE X E R 7 A T — v 3 TR R
A E T 5% ToU (Intersection over Union) ZFA L
Tz, ToU DR E VR, HERRFSROT BT~V E
fift 7 gL & Bl LTI A LR RT3 722 <, 4
HAEER @AW &2 T 5. 7ads, PERERHIE
BEEHERFICHEEE L 2 5 KRGS A2 LET 5
IR A G L UG 2 T o 72

FENHEH L TORWEHE T —% 100 fzs
BEHFET W ANT) U THERBRIM 21T - 7o K5 58,
) ToU (Intersection over Union) 96.5% & 7277,

4. EER
X 18T AT —va EROBZRT. H
FEROIEFH T O AR ST R ER TH Y,
PADHERRRE R & IEfR 7~V E R DR, SR
DHERE RO DO, FREONIEME T L DOHD
fEiE AT BT 2 OREE R < RBRE OB el
DI SN TND Z LR TE 5. BHEEDR
HRENL & 72 5 KRBRE SHEBIZ IV TUE,  RERE S
DTy VR CH H 720, BT~ L
DO—HENREmNEBZ HND. —TF, iS5 O
“%@%ﬁfiE%?ka@K#ﬁﬁﬁﬁén
X BRER OB FER TH D Z &b
O XD REIRTITEMOHEREIME T 5 &

EzbhD.

B 1
.
(%« HERRRE R & EMR 7 ~OVSE R DRk, R
FAE R OO, % IEET L OB ORER. )

ST =2 DB T AT — g VRO
FR L8 0D IE 5 D I RPN B A3 Al e SR fE .

131

5. FEH

AR CIHEEFE L~ T 47 &
AT —va ik AWTZRERE X SRR OF
Eﬁ@%m%ﬂﬁbt'%ﬂ_ﬁmbfw&wum
KOFAMAT — 2 1%t LRI 21T > 72765,
BENE E%&kwﬂ@%%$babtéﬁ
BWTHEE 10U96.5% & 720, ks RIRE %
TAT—2a VARRTHDH T L afER L.

FIRSEROFE 7oL

X B
[1]  Ronneberger O, Fischer P, Brox T: U-Net
convolutional networks for biomedical image
segmentation. Medical Image Computing and
Computer-Assisted Intervention (MICCAI),

Springer, LNCS, Vol.9351: 234--241, 2015



Femoral segmentation with deep learning in X-ray images

for bone mineral density measurement.

Shota OSHIKAWA™!, Erzhong HU"!, Tomohiro NAKAYA"!, Wataru TAKAHASHI

*1 R&D Department, Medical Systems Division, Shimadzu Corp.
*2 Al Solution Unit, Technology Research Laboratory, Shimadzu Corp.

Measurement of bone mineral density (BMD) by dual-energy X-ray absorptiometry (DXA) is commonly used in the
diagnosis of osteoporosis. In the DXA method, accurate bone segmentation is important for high reproducibility of
BMD measurement. In this study, we propose a method to accurately segment bones in femoral X-ray images using
deep learning. We trained the deep learning model by using clinical femoral X-ray images of BMD measurement, and
evaluated segmentation accuracy by using 100 data which were not used for training. As a result, mean loU

(Intersection over Union) was 96.5% in the region centered on the femoral neck, and high enough.

Key words: bone mineral density measurement, femoral X-ray images, deep learning, segmentation
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Medical Instruments Identification based on

Image Matching of Metal Surface

Kengo MAKINO™, Jesse de Wit", Rui ISHIYAMA™, Toru TAKAHASHI™, Yuta KUDO™

*1 Data Science Research Labs. , NEC Corporation

*2 Biomedical Engineering, Delft University of Technology

This paper proposes an individual identification system for medical instruments based on image matching. In general,
individual identification using marking or tagging is used to manage assets or work history. However, marking or tagging
cannot be applied with special instruments. In addition, they require additional cost. In this paper, we propose
“Fingerprint of Things” identification technology for individual identification of medical instruments. The method
visualizes micro-scale bumps of the surfaces of medical instruments as unique patterns. Then, it identifies individual
instruments by matching them. Because the method only requires image capturing of the instruments, individual
management can be easily achieved at low cost, even with special instruments. In our experiments, our method
successfully identified five individual medical instruments correctly among three types of metal medical instruments
(knives, tweezers, and scissors). In addition, we demonstrated that the individual identification system enables us to

capture the unique patterns of the medical instruments automatically using a robot arm.

Key words: Image Matching, Individual Identification, Medical Instruments, Traceability
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Examination of tongue detection and region extraction

for automation of tongue diagnosis support system

Qichao TANG™, Tingxiao YANG™, Yuichiro YOSHIMURA™, Yutaka HASEGAWA™
Yasukuni MORI™, Hiroki SUYARI™, Takao NAMIKI™, Toshiya NAKAGUCHI™

*1 Graduate School of Science and Engineering, Chiba University
*2 Center for Frontier Medical Engineering, Chiba University

*3 Graduate School of Engineering, Chiba University

*4 Dept. of Japanese-Oriental (Kampo) Medicine,
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We have developed “Tongue Image Analyzing System (TIAS)”” and constructed tongue color diagnosis support
system. In order to extend TIAS to clinics and personal homes, the operation of TIAS needs to be automated. In this
study, we explored tongue detection and region segmentation extraction methods for system automation. Regarding
tongue detection, according to the results of previous researches, sensitivity and accuracy can reach 0.9 or more,
however specificity is less than 0.4, and error detection occurred frequently. Therefore, we proposed a tongue
detection method using MobileNets deep learning model. The model was trained using 798 tongue images taken with
TIAS, and significant improvements in tongue detection specificity and accuracy were confirmed. Regarding region
segmentation extraction of tongue, the results of previous researches using SLIC and GrabCut had a problem in
accuracy with average loU value less than 0.75. In this study, we proposed a tongue region segmentation extraction
method combining Pix2Pix deep learning model and seeded region growing method. Through a comparative

evaluation experiment of related methods, the superiority of proposed method in accuracy was confirmed.

Key words: Tongue diagnosis, Tongue detection, Region segmentation extraction, Deep Learning
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Automated Segmentation of Dilated Intestines in
Ileus Patients” CT Volumes Using
Little Amount of Labeled Training Data

Hirohisa Oda*!, Kohei Nishio*!,
Takayuki Kitasaka*?, Hizuru Amano*3,
Kosuke Chiba**, Hiroo Uchida*, Kojiro Suzuki®,
Hayato Itoh*!, Masahiro Oda*!, Kensaku Mori*!-¢7

*1 Graduate School of Informatics, Nagoya University
*2 School of Information Science, Aichi Institute of Technology
*3 Graduate School of Medicine, The University of Tokyo
*4 Nagoya University Graduate School of Medicine
*5 Department of Radiology, Aichi Medical University Hospital
*6 Information Technology Center, Nagoya University

*7 Research Center for Medical Bigdata, National Institute of Informatics

In this paper, we propose an intestine segmentation method from CT volumes of ileus patients, which works well
with a small number of manually-traced labels on training of fully convolutional network (FCN) for segmentation.
Generally, training FCNs requires much amount of training dataset. However, manual tracing of the intestines is
very difficult because the intestines are long and have winding shape. We investigate efficacy of data augmentation,
that consists of not only general image processing like rotation or non-rigid registration but also propagation of
manually-traced labels to other axial slices. By this approach, use of axial slices have no manually-traced labels
for training becomes possible. Our FCN network for segmentation named “suppressed 3D U-net” is a modified
version of the 3D U-net, whose input and output size are adjusted for our work. To investigate the efficacy of
the propagation, performances of w/ and w/o propagation are compared in the experiments. Dice coefficients of
w/ and w/o propagation were 0.744 and 0.782, respectively. We found that propagation process decreases the
segmentation accuracy, which uses axial slices including incorrect labels for training.

Keywords: Suppressed 3D U-net, Sparse annotation, Intestine segmentation, Easy manual annotation
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An application of fiber tractography for
modeling neuromusculoskeletal structures around the hip joint in

high-resolution cryosectioned images

Shogo TOKISUE™!, Yoshito OTAKE"!, Mazen Soufi*!, Norio FUKUDA *!, Masaki TAKAO *2,
Nobuhiko SUGANO™, Beom Sun CHUN™, Jin Seo PARK™, Yoshinobu SATO™!
*1 Graduate School of Information Science, Nara Institute of Science and Technology
*2 Graduate School of Medicine, Osaka University
*3 Ajou University School of Medicine
*4 Dongguk University college of Medicine

High-fidelity musculoskeletal models are necessary for improving the quality of musculoskeletal simulations and the
orthopedic surgery planning. However, it is difficult to represent the internal muscle structure in detail by using the
current models, that is because the models for the structure from the origin to the insertion has not been accurately
developed yet. In our research, we aim to reconstruct the high-fidelity 3D musculoskeletal model containing the origin
to the insertion points by using high-resolution cryosectioned specimen images. In our previous study, we analyzed the
musculotendinous structure of the gluteus maximus using the label of the manually-extracted ligaments and tendons.
In this research, we expand our model by automatically extracting the ligaments and tendons from the whole dataset
by using a CNN, and analyze the musculotendinous structures based on fiber tractography. In addition, we classify the
analyzed fibers based on the surrounding bone structures, and verify the connectivity between the bones and the

muscles, thus obtaining improved models for the target structures.

Key words: musculoskeletal model, tractography, musculotendinous fiber analysis
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