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Learning an overcomplete codebook of tensor local structures for multi-phase medical image

retrieval
Wang Jian (Ritsumeikan University, Japan)
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TR RSN

OP1-4 WHEAAAZ 2 —F IV E Y 8T — 2 % 7z RE o i 48 il
OJENE B M #iEl 2 @il P MBEEC MIRTAT S BHE RE®

VEERIORE RN TR YA T AT, HEERIRY T WY AT A TR, R
FRFBERERIIZER P ERR Y HBEA A — VIEH T

ANHE K 7 @228V, MEOHALINI S S MESLBIRTEA L2 &, A iEEER ORI T X B RIEMEIITHIL
TWwh, 2T, TNFTIET 4NV OEIIEZ BT L o T % M3 2 FESENILOWIZE 7V — 790 6 i &
nCTwiz UL, HERLEDZDIZEL DT 4 VB ZHMAELEDL 2 e fTbNs L, HMARI/NT A — 7 REIHE
5ND MBI S -7z, RWFFETIL, Black-top-hat B CTINE 2 M L C, BARAAZ2—TF Vv MT—27 % H»CIiE
T A FEAIRET S, MEMEOF MO 72D I8 SN Twb DRIVE 7 — % N— 2 & W CTHEE L 724, Receiver
Operating Characteristic A7 12 35 1F 2 45 PE HE o fiRE TR 0962 & o7z, HERTHELI D DR VIRTI A =S RETH S
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WA EHOGFIZBWTERZIRPTCWDL LD, BR8N S L. ZOTHE, LE0FEH T -5 2 AE LTH A2, KT —
IMEDIRY — VD HET, ANFONENDRVE W) FIENH 5.
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W X DAL OBREZFTV, o 725081820035 DCNN (2 & 2528 - #2479 . % 26 SEF O [F— s TRk
SN B#F - BIEERICHEE U729, TP9256(%)], FP:13.03[/case] & S Etlifa i o ik it & #4572,
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OP1-6 3D U-Net {2& % 3 RITIFER CT BH 50 ¥ 73k

O/NH - #:0, K. Bhatia Kanwal % R. Roth Holger®, db¥x 23 /Ml B2, 5% EE° AN  ##EE
wRE MR, fF MBS, #EU % Al Schnabel Julia ?, # 0 s

BRI B HRR A%k, Division of Imaging Sciences and Biomedical Engineering, King’s College
London, ‘£ B RATEHOIEREE AR, Sm TR AEHR 28, AR REEERIIZeR, AL sk,
TRLIR G = 4w ke, SRR 4 1 R e

3D U-Net & H\27z 3KICHES CT G5 ) w3 il T2 853 5 ) v/ it T B v TR OF HAHEA
TWRWREOOEDIZ, FBT— Y OREDPFETENS. 3D Unet (& 3RITCHERISHT HEEFET VI XLDVEDT
by, FET=I IV EICL OGS E T RIFICAT) 2 EDPURETH L. ATETE, FoOMibIORE ML T
ALERR GegE g & Wl L 72 BT, 3D U-Net 12X 2 Y /8HioMi 2479 . BIRAHEZIES CT (% 47 B2 X 2 5B/ X 0, AT
EOFREZRT.

OP1-7 3D-DeepCNN % H\v2 72 CT Mif§h: 5 D% ligies o HBdh & 1 6k SF

OB m!, il —8% SU% B A RS, B R BEH EE!
U R R A R A R AP R R AR R R A U A A — DAY, AR ORI B AR R ZE B s B T
RGeS HEE, AR CR R A 7 4 7 R

KHFFEIE 3 IRTTAE AR = 2 —F )% v T —2 (3D-DeepCNN) (2D CERBFEHO 7 7a—FT, CT Wif§h & AHiH - %
FEHE O R SRS O B EIEEH - P RE 2 R 2 2 b2 HIE 5. REEEZREO CT MHEIET L, fEkiskotkbg s
Wig$ 5., METFFEIABORRTIE R CEBFEICL > TERT 5. 1O CT Hi{% L FE) Tt 22 es o 1E 7 I8 % i
B85 L U CRIMEMICEE ST, BRSNS E 3 2 MR & kv — v 2 BBIRICIEZR ¢ 5. BAKAYIZ, 3D-DeepCNN (23
DV THFEN Tl - BRANOSET MG T2 058 L, RNOmRISEAT 2. —REFE2 17 Firo B cs /A L
Joo FRE T A ML, TS, & IEE R NRAE U 2R Il T — & N — 2D 240 FEBI E T2 FORER
3D-DeepCNN I EHEREL ), EARIIHEEN LR ZERAIREINT. Lo T, —EFE CT Wmifhkn & )L - ZHEEO i 5
HkEE D B ERE - HIEPEORIICH G TE DL EE R D,

OP1-8 Torso organ segmentation in CT using fine-tuned 3D fully convolutional networks

O Roth Holger!, Yang Ying', Oda Masahiro', Oda Hirohisa', Hayashi Yuichiro', Shimizu Natsuki',
Kitasaka Takayuki’, Fujiwara Michitaka®, Misawa Kazunari', Mori Kensaku'

'Graduate School of Information Science, Nagoya University, “Faculty of Information Science, Aichi Institute of
Technology, *Nagoya University Graduate School of Medicine, ‘Department of Gastroenterological Surgery, Aichi
Cancer Center Hospital, °Information & Communications, Nagoya University

3D fully convolutional networks (FCN) allow dense predictions in volumetric images. FCNs avoid handcrafting features or
training organ-specific models, and features can be transfered across datasets. We trained a general model on a large set of
CT scans with the major organs labeled and then fine-tuned to different classification tasks. Separate training, fine-tuning, and
testing sets were used, including 331 CT scans with 7 abdominal labels for general training, a smaller set of only 20 CT scans
but with substantially more labels (20 in total) for fine-tuning, and a completely unseen set of 10 torso CT scans for testing.
We achieve state-of-the-art performance across these data sets, illustrating the generalizability and robustness of our models.
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OP2-3 Kinect-Based Gesture Recognition for Touchless Visualization of Medical Images
O LIU JTIAQING!, Ryoma Fujii', Tomoko Tateyama® Yutaro Iwamoto', Yen-Wei Chen'

'Ritsumeikan University, “Hiroshima Institute of Technology

This paper presents a new touchless visualization system for surgical assistance, allowing images to be viewed, controlled
and manipulated without contact through the use of Kinect- based gesture recognition technology. Real-time imaging review
is important in surgery, particularly during procedures. But traditional input devices are reliant physical contact, which are
ill-suited for non-sterile condition. A Histogram of Oriented Gradients (HOG) feature extraction and Principal Component
Analysis(PCA), are used to recognize hand gestures. We develop a new system, which can visualize 3D medical image with
L form screen and 9 kinds of simple touchless single-handed interactions. For overall evaluation, experiments show that the
proposed system is able to achieve high accuracy and fast recognition.
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OP2-6 Improvement on robustness of ORB-SLAM based surgical navigation system by building
submap

Ox BOUNH BES OAR HE—RRS, =8 R R R

Al R RER BRI R, BRI ER, BRI HGE TS, ERTA
Ty — el

In this paper, we intend to use submap to improve the robustness of SLAM-based endoscope tracking in surgical
navigation system (SNS). Simultaneous localization and mapping (SLAM) is a method to estimate the trajectory and
surroundings of the endoscope (called map) from video. As one application of the SLAM, ORB-SLAM uses the ORB feature
extracted from images to estimate the map. To obtain a better map, the motion model and the disparity between adjacent
frames are checked. If the largest disparity value of two frames is lower than a threshold value, map can’ t be initialized, then
the previous frame is threw away. However, this may lead to less robustness in tracking of the SNS. We use threw frames to
build submap by using structure from motion. Then the submap is merged with the original map. Experiments showed the
performance of our system was better than the original SLAM.
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TAVTF—2av
OH #K', e BE', K #AL KW =% 4R FriE S B A% fEE mEap!
g R Ty e 5 NG A N B R ) v R D= NG NG 4 Ve Y Ty

JEESE T TS E R EH M2 720, HTONEHERFEMOBS Pz E 5.

EBEOFM 2R E L FHREE L, BEENREREEIATOR TR, B2l PRI RIS SN TRy

2T, o, MR OME OB, O FET 21T VAT AOMEEZ HIFL T 5.

KT, BAARZ 2 —F )V hy N T =2 FHNT, A==V 7 Lo er QBT+ 2 FEAIREL,

AT o7z,

33



OP28 A7 LA WHEMH 5 ORIERBITTERICE T 2887 L — 2 OIS 2 MW ik
O%m W%, Ak ME—IR° /A BR® =8 —RY & R
il KRB, AR KRR, (A RN Y Y —, B A Y 5 —
g b

KFETIX, AT LA WHEEGED S O RETTTEIC O WS, FTrizonFc BEEETFHFEr—>a vy
ZFAZBIT A CT-t v HEEAMELSDENOFHD-OI2, —HO 2T L+ WSRO 2D 5 DI ARETT & e L
T&7z, Lo L, WHEBGHRICHFET 2 MOS0 BI2 L0, B0 3N 2EasRm NSO E L v [
MRS AN Do, F I TRTHETIE, BEEOAT LA NHERED SR RERIREZHIT L <, X ) BLESERIE
WEBEICT 2 TEERE T 5. &AT L AWHEERG ) SEITC SN Ba B E RIS ENZNEL L EERIRT 5720, F
M ES L7722 7L —2MOH AT ORBEAEHRE L CE T L— 20680 LB R —BERICERT 5. F2E
Tld, HORSER 2 HE L2 AT LA PEEEGRZ T, L) EWEBORSIIRSEic s /-2 & 2 il L7,

OP29 HATHENTA—NDIZDODNT v F v 7RG LIZESFA F 0 7Rk

Ol i’ K iz’ Ahmed Afifi’, HhIT Rk’
"R TSI A T4 AN AT L TR, AT IR RPAG TR AT Y A7 AR ER A T4 AV Y AT 4
a— X, *Faculty of Computers and Information, Menoufia University, “FIEKRF 7054 TELS LV ¥ —

JEWESE T PARTORE N TH A2 MB O Z 24 ) 72012, 7o AOZERT S N ah— V2B - RS2 G320 2
FEBOAT 72 ATGAHE SO s — VHREEINT, KR TIE, HATHE O H—uh 5585 N5 B SO B4
R L CETA F 2 72170, BETMO L) BRIEWHRETO/ ) I <lGEOIR % HIE 5. $HT-EIEIC X o THERA A
KELBATHEVI D ATHE O VORI EEEL, HIRbT v X0 72 @a L8 9 <M EIERTFEOREL £
O WA EEIL S % 72 MR Rl 2 T o 72, GERDEY A 5> 7/ Tk L I L CIRET RIS M E L, 7 X WM E
BISHIER AEEO O S 2 MEDSET S L R L. HIZ, RETFEOMESTHL NI v F v FEBEEOUEIZIY K
ATE JENENRE LG AR A T F 4 AN 70—y MV ERFE L 2S8R 21T O kT, RETEOBER
&5,
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£18 78278 (K) E IR

| 16:20~17:50 | OP3 [ERMRFEH AIEK - 77~ bLA]

ER:1RE RE (EHKXF)
BR R RKEKZF)

OP3-1  ATH7ZFB MR E 72BN 2 A B O 72 OHFZEI 0D AR B ORES
O/p - 281, S S, M 8° BmmEA’
RS KRR TR, R K = G B

B, WAAOFHEEMOHRIZ L VB SN TBY, EEORIEL - TWh. 0z, RS Hviihe
THEPLEENTV D, BRFBRICBNT, —RIZE C OEBBEILEL 22505, KEICEDDLZEIERETHL. 22T,
FEFIAE 2/ D & BAIS, EFEREFN L CORWEZIOAR, ANLWIEIGR L ERS 2 2 LI MATE 2 ek
FETIE, MOART LY ER L7258 %2 VT CNN 24354 2 2 & T, I A ORIEN B2 L7z, A5 T,
ik WA O NTIRLER G2 A L, CNN OMRICHD 2 BIEOEIRELZIRET 5. e REERT Y P T2, Hdidah
B Z ZRRICER BN L WA G2z BT -y L LCHHAL, HE L7 CNN ofiEE2 A& L2 AELY, &9
P& BFAG L 7245 RIC DOV Tl B,

OP3-2 AN AZMREL L72H L N TARICREREOMERE & FDER 2 4 v CAD IR THOAH
Ak R
O%f Msk', R k', AJF @7 Bk a0, My g
AN TR, TR, CEREEE, RS AL = i b

CAD BZEIZ BT ZIEBIE GO AL Z M) 2 & 2 BIIZ, WA L % WEHRIZELRSE WL T HdiAh, N THIIZEGE
BEERT 2O MADPTONT WD, CNETEELE, HFESCL AEREE M RICATIEMEGROER L CAD BIsE
OB ET Y, TOFEEEZRLTE/Z. LAL, ThETIE50% L EATIER %2 CAD MZEE0OFEHT7T— 5 L LTHWS &,
RAT = Z 1 L CTOHBIERRA A 723 TER L2 b DI TE TS > TLEHHIATH - 2. ABFFETIE, ATREBIH
RO B MHNAOIEH & NTHEBIO A TOEMREZHBIGHEZ B E L, ilzadge L CrAfAIKILIZER LT
MEMGRE 21T > 72, AIKAGE, S E TORELG RIS AR L 13RS SR 2L 700, M flTEzRIEE L7
COFEEIC LD PER L 72 ATHER &2 CAD FFEICH W72/, 100% AN LIEGI TOFEIS X B HFIEHHI B TAW T THREL
726 O L FAEREOBAG R MG S 7.

OP3-3 TANFEVEFE—NEEXBMCTIZE AT Y AWM in vivo4 A—I YV 7 D7200WH 77V b A%
FH 72 IS B

OKM W' Seo Seung-Jun®, %4 MLK' W WEE® % e Il —47 BRE 5 °,
Kim Jong-Ki®, ik ¥ih'
I RFRFBI L0988, “School of Medicine, Catholic University of Daegu, *# 1B KK bR 57 2052 RE,
DA OV ISR e M R S R AT SR, COART KSR B T AR SR

KN — T T, 1271 7 E OIS EEEH 2 VA~ IV F € ook — VEIOG X 8 CT (FXCT) %, GHEERAISE O R GR
BIIFZED 720 D/ in vivo £ A=V Y I NGHTAZ L2 HIFL T A, I, A A=Y v 7 oMs, ORI E R
PECTHLEEFICHEINTEBY), MBENDETHIIHRI NS, HETOEEEZRTTL2012, AITHEZEST
7 UNVHEEB L OCEROY Y ABEHEGOZNZENONERIC 127 Eil 2 A L 2 EOWH 7 7~ F 2 %2158 L 72, KEK®
ARNE7TA I FXCT Y AT A EREF L, EEBREAT 724G, AlBIOHEHZES 7 7 ¥ M AIIBIT 5 1271 O/l E,
ZNZ1N 01 mg/ml BLU02 mg/ml TH-7z. in vivo INEHI D720 OE/IMEHIEEIIZF AR LTV A, FER % SN
RCTEDLNTWERIZBNTH B2 3RICHER M2 ETE 5 2 LavRE N,
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OP3-4 MRIZBF 2 5% 5 IEHIE 7 4 )V & WHLE D NPS DK

O&M AN, BA RK° —B HE°, WH k5
PES IS s ST b MU AT T S S N E PR ST S e
R

[F5] chFETicFesid, NPS # HWCIERIE 7 1 v & Btk 2 53 2 el 2o T & 72, B 74 v LTI hET
Non-Local Means (NLM) 7 1 V% & Bilateral 7 4 V& ZHWTHB Y, SllE, M7 4 VT D/ 4 AEFEZF—& 54T
74V BHEO NPS O #1772, [HiE] w27 EICABEN TS, BEE MR Bif§ 28 L 72 3RITHIE 7 7~ b &9
Y0 LA 2 A XML 72 WS % 7 ¢ V7 IR E L HEEOESEROEERFZE SD) 2% L2 b L)1
NG A= G M7 4 VY ZEH L7z 55N 7 4 VY IBEE O 2k ICB L N1 IRICNPS 2 & L, W& 17- 72, [#
L #2e2] KEIAEIS Tl Bilateral 7 4 V¥, HEIIEGEITIE NLM 7 1 )V &7 @ F575 NPS O T 28] 2 N2 &5 8058 5 7.
HELWSD THoTh, 22007 A NI TNPS DY I TIZENEL/ZZENS, NPSICX Y IERIET 14 )V & 5% -l T &
LUEeEDH b EEZ N

OP3-5 BE7 7Y FAERHOWEME Y Y VI MRT VXEFZ 574128035 k 2207 vy o7
Y V7 S A TEIRIC B3 5 s

O=ilfi #e", WH 5!
RACR AR A e B 27 R T DA S S B R 5 B, PR A v & —

[Tl Fcfrld Efity Y7 MR 7 V¥4 2757 14 (CSMRA) 2B 5 k ZEIOHULES 7 V3> 771) ¥ 7 5818 (FSA)
DOREEZLWEHROKRE EOBBRIZONT, BEEFBME LR L - BHE7 7~ M A2 HTHE2{T-oC& 7. #OHT, CSH
Wl E$ 22 ETIMED 707 7 4 VOELIESFRDFED S NDHEN D - 72, SE 2 DIMETIROZALICE L THEF 21T -
7O THET S, [J7E] KNS FEEOY A X EFOMHEEIE 7 7 > M 2k L, FSA #Z1b 38T CS1§ %572, CS
1213 wavelet ZH & HH L7z, F72, OO 7VY 2 7)) v 7% E LS (Fulfg) dIUF L7z CS14E Ful {4
OMEFHO 7O 7 7 A )Va KL, MERIKOZILOREZFEMN L /2. EREELE] 77 v bV A Ap/hE I EME 7o
77 A NVOEEDOER RN A EID D - 72, 1M DOTRIZEAL L 72013 IExFR % wavelet BEx Wz Z &2k 720 &
EZONLD, SHRELLRIBEDPLETHD.

OP3-6 ST 7 v b AR EBEREEOEH Y — VOB
O #ize!, w30, My ma°
U B PR R TR 5 R SR, PBR AT R R SR

HEBE RS EEOBEEHIIEH L 2> TRY, ARAPMFIRIBE EEFETIE, BESHICAALLTWALT 7
VMNAOBFREIToCTE, F2C, AETIE, NS5 7 7 » b AWH§ % REIICEHIT 20y — VOB ET o7, ¥ —
7y MENTY —viZ, DICOM B & OFBITMAP IZxG5 LT b, f#ITE, & —7 v P g iEEORER BT 5720, 1
WEEL LY 80% DFEIIZ BT LRI %2 M & L7z, FEBRIT 2 DO HFETIT- 72 9281 Tid, 4007 7 > o %
UG OB, FE2 TR 1D 7 7 > b &% fkH12 20 H B#RM% L 72 B OB 217V, mass 2 & O PIYEFEE, 1=
R, ZEREE RO TR L, 007 7 > N aOEEZET /NS o7z, F2, 1EO7 7 2 b Az iFmagic ik
L72E{ECHRE L CRHIDPIREE oz, RFEICL Y, AEBEREED O OFRBIN 7 HH N2 EEEO T el % R
T ENTE.

OP3-7 EPID & DRR W{§ICBIT AL T 14 3 v 7 A EOMEA

Ozx—=74— =¥ HF FH® K &Y M J5E' KB FE° AH e,

Al 2 R °

UM KRB R R PRI, CH AR S IIRIZE R, UM KRB SRS b e 300, Uk
S e BT, RS b B B 2 3

Radiomics is a promising field for prediction of treatment outcomes of cancer patients based on a large number of
radiomic features extracted from medical images. However, the feasibility of electronic portal imaging device (EPID) images
in radiomics has not been investigated yet. Our purpose was to assess the correlation between radiomic features in 2D EPID
and digitally reconstructed radiography (DRR) images derived from 3D CT images. The grayscale levels were re-quantized
into 64 levels. 47-dimensional feature vectors, which consisted of 14 statistical features and 33 texture features, were
computed as radiomic features for 11 lung cancer patients. The radiomic features computed in EPID images were weakly
correlated with those in DRR images.
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g28 78288 (&) E 1215

| 830~950 | OP4 [RE%E2]

ER : BH 175, (RRKAH)
B mR (REXF)

OP4-1 WIS 2 o 72 B G B D 72 DB FHH cone-beam CT (2B % piyl O ik Tk
O%% BX' NBTEFL K EE: & M R BE WY, BEH O ORE®

U K AT AR P LR T — A, R R R R SE R IR £ A — DI, PR T4 THR
G, T H A B S I R R 7l B R O R 4

AR, WERPEN L EORIEEIZB O TRAEDO YT EAHEFRSHCONL 0 H 5. ERHHIE NGRS DK
BE OENOREZRGETLT IV F v — P PHCO L. —ROEFREMATERT 25 2 L0, @kt uge L
FLERREERIC Z LW O RS EAMES . F7e, ATV T A v 2 GAERT — Y OREDSLETH L. EOIZORNAETIIA
IR OB e S M7 XKGEDS RIS T > 4 )V F v — P OIS LR LR ERE MG T 2 FEOMEE HE 35, £
FTEAARZ =TV Ay T — 7 &IGH L7z DetectNet & W CHEHH CT RICG 2 WA OB 2 HE T 5. tihhshize—
b~y 7 XD WSS T A M S 5. RIS, B S N R B LI E LTRSS Y T =212 D 5
Halr). PROT A Nr— 22 BOZiEBRE TIE, 95% &m0z 5 2 L3 TE, ATHEITEAEHRO B BRI
HHZ TR 2 R R L7

OP4-2 BAER S T = X BE{RICB T B REFE 2 - B oiERH 7 — 7 o HEUE

OWF K", MRTHF? B ms’, vER m° Ak GRS B BRSO I
WEH Rk
N R AR I SRR S B JE A A e o B R e, I R R e R A R e P A PR A - U
A A= DR, W R AR R B B I R U R 38, A 7 1 T Rt

REEFEREIIIL K ORTH - FTHAWE LT, #RO S ITIHERIEE TR 8D 5. HHROGAMELETMERDOAFO L
G&m 5, WRMERIC L 2GR OEEMPSHER SN L L, SEFERIR SN ERITEE P SN TES T,
W SR G 2 T 575 EOMENH B, AWEO HWIL, #Efs 7~ XHmEz A, FELSnERT— 4 %
HEIPUEST 2V AT LA 2M%ET 528 ThHAH. RETETIE, HEFEHEM 2 ATl Y 7~ XEGr 5wt 2L,
SO L 2 - REOSE AT . WA Y TG 196 iEB 2 FE - T AT =8 L L, SEERIZIE
FE)CTUER L 728 SR 2 F 7z, 2 of i, o SEERIT T - s IRTE & 12 90% Lh b & R EE T IS il L 7z,
o RO ER TIE, SHEAT) 720 B ERFEESBARIFICHN. L2 ->T, Y AT A0EBIEE AELo
T REMEARIZ S L7z,

OP4-3 3D-DCNN % w272 EOB-MR W {12 B} % s 2 BB B0 p%
Ok 2", Bl BF° BA #£#E° BN 47500 R B SARB— S o
mooOmAL ME s
VRS PR S R I 22 HAAPE R v & — 3 v Vo — ¥ IR / PRIESEIE, TR RO IE 2 H B i B e
I E SR AL/ JE L B 2t Y 2w N2y Nl 7 L Y i SRR AN E e B

JFF#& BT PR S O 35 C EOB-MRI Al o i & i LA ISR EE DS S . L L2256 5 REHO i ©
BHHTOTEDH DL R THL. 2T, Hitbid EOB-MR W42 51T 5 R HIERZEO HEMIE O 720 DY 27 AR5
T T 5. K TIE 3 KIEO CNN % VT, voxel «X— A THEETIERRZ O 24T - 72.

EHERNIE 15T, 30T 2 &8 3EBEL VIO N 28R TH A, WG & L OO G0 &% M H UK %2 37z,
FNENDIERD 5 31 x 31 X 3lvoxel, voxel size=2.0 X 2.0 X 20mm3 ®/%v F% AS1& L 3KICO CNN 12 X Y w1l =
PeE L7z, AR ERIZ 086, 1 REBI D 72 ) DA MEFEIL 15594 0T - 72, 4k, MRS %2 800 L 54 3D-CNN |2 X
Lg% i, resion-base DUFRIEIC & D BBIEOHIRZAT .
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OP4-4 BAAARZ2—F IV Ry b T—2 (CNN) ZH 72 R CT(Computed Tomography) Mijf§
DAL
Ot Fk', dfull B, W PEONBR R, W R Al B EAR B
AR BT WEWELSR, PEEARERRER R TR
TGHRRAIR OB A2 S, EEREICESE CT O#HAPHE SN LD, BHEOKRT 25| SR THE D L. K5
O HINE, WEHED 1/20 THRE L ZBIEHE CT # CNN 2L ) &gt 52 THDH. CNNOFEETIE, FLEEOR
AR CT Ll E e CT /%y F (M) 1258, BEE=E/ Sy 7% CNNIZATI L, CNN O Il & xS 3 % il i
5% F [ ® Root Mean Squared Error (RMSE) 25#/N& 72 5 X 912 CNN WO EARE % HH$ 5. CNN 2 X 5 &g b
B o@E W CT M35 5 RMSE, Peak Signal-to-Noise Ratio, Structural Similarity Index & 45.7, 22.0dB, 0.987 T - 7-.
BYGTA R RGPS 54.1, 20.7dB, 0985 TH D, & TOREIZB VT, CNNPHFEIZE <, CNN 2L A2 EEEbof HEH R
sz,

OP45  DCNN % w744 CR Wiff & 0FHLL & 5 0> H Bk
ORUF FIf, B Mi, ¥> Ya—s4, HE @ & ¥
MLk

11

IR, BHL X OIEOEBFEELMLTBY, EMOZMLIREIT) DAT AORENLEL ENDE, £ TERHLT
iE, BB CREMG,OEML 2 YIEO BN FELIRET 5. FEE LCTIEFET, FERIC Tophat 22 % 17 > 72 M %,
WW(Window Width) & WL(Window Level) Z 2848 L 72 {%, WW - WL Z2#L#{% 12 Tophat 22 % 1T - 72 W{§ % {28 & A A
—a2—F)% v b7 —2% (Deep Convolutional Neural Network: DCNN) ®O&=E Mm% & L TH52%. DCNN D 3 F ¥ > F )
OWE§E% 7T —HERIZBIFARGB L LTHREZL, —20EHty be$5. INHLOMEEL D &2 DCNN = fvy, IE% - £
HOMMNELTS . REFEL 101 EFNIEH L 72458, TP = 755(%], FP = 139(%] % 1%7-.

OP4-6 CNN % H w72 Gleason score DM ¥ A 5 4

OMeA #idk', sk H8', A 27 AW &5
PN R AR R Y SN SN e AT ARt e

TR, HHEEMEOARLEIZLY, ZWEEOFER LT M E TN TEB Y, CNN(Convolutional Neural Network) 7% &
D AT FM 2 EA L 7228038 S5 ST b, RIFFEOR R TH LRI VIRV ADBZEICIE, BAMBOKE 72T T4 <,
Gleason score D&M b KD 5415, Gleason score & (&, Bt OFHRIE OB 2 /R T HMSERGE LORETH D, RO
R ETERENTNRNY = THEL, UBECHBEAT L2007 = DA 70O E L THELND. TERIETIE,
BALANE WV (R T TAME) 8Y — L OGHEREER T TIE R W20, 2545 KEMEIRD b TwaD, KifgE T,
CNN (2#-5 < Gleason score HHEZI—RET 5. BRMIZIE, EEORLEOEA & CNN OB EORFFIZL > T, /87—~
ERTOSERHBE LN LS, EBRIC L ) HEUGEZHET 5.

38



10:10~ 11:40 |  OS1 [&% : BN — R HEHRARICE T 3 AR ERER]

A A= ¥ T AR WHRALBLEAN 2 R L 72 BURRUER A — IS > Twd. Lt L, RFBGER, REETEHRO
ZIE, MGTh OB O WAL, PETW, K% ER (precision medicine) ~NOXIBZR &, WIET LR E % { Of
WMAoD., £ZT, KA—IFA APty arTid, SHIZEMBERTIEE RS 2MAIN 2R T 5. &
¥, F— = METIE, AHERFOIARR—EEIC RABEHICBT 4 A=V V7| (X#h AT LKRDFE
TBG Z R LR A X =2 > 7)) 2 TRE L CIHC . &KIZ, 4 NOGEEE DS [R5 2 v 72365
FhmE | RACKRA ARG, TGRSR RIG R O S bl - i IR S e a— 2 € — 24 CT ofH ] (R
SRR, TREBHCBT AL 74 47 7 37 X ] (BARFANIIEE), L7 44 37 2= ZHRG# ]
OUMRZAN) ZB5 2BIR 2 e 2 /A5 5.

ER AR FF (LMNKF)

0S1-1 BT HIRHBICBII A A=V VT
OA  #H—
iR

BRI, BIRMICERE RIS ICS A2 ENURE I EDSITEHEZEOTEY, 4%, SR T
CHDEFHRENL, FTHERIIBVLTIE, SEETFEIEVAD, HEVWEZ CHE TAIMZICEE ST TS 2 & 2
YL NI D, BRGSO E 2 WL 5 2 EATA SN T WA, REZEH L Twiv, RIEETIE,
F PR T IBET IS IEE T A EIRETR A, XBH AT CTEILS 2 FEEBAT S ZoFHER, EBHED ALV -0 X
MARMENRE T DI END, BRI KELSBLZ LN TEL, KIS, &, BEZOVERLL, KRR
LLKOFENHGE AN L, T HEORBEFMAOISHE T L. ZoRNKIEF o L v 3 7EEMEL T R FFLT AL F—
THEULLZHRTHY), SHBROERPEGFEIND. 2512, MOBRSHEEICBIT 2KOEBHKOWGALOEHIZOVTLH
¥ 5.

OS1-2  JikkAE & M v 7z iRl ik
Ofty iz
HCAL KA BE B R

B FIEEFERR T L WREZ R C, TOHEMAERIC L) OB LR HIEmRENIcm EL T, LaL,
o S0 I D A R A R Tl F MRS e E O OBITENIZEH T L2 LA TE v, Fz, S5 LEBEEEOM LD
WAXEEAD & 5 % 2w hETh O, MOBWEHOBKBESSHOMEE > TnE, 22 TIOMEL kT 5720,
FEMIANL A >+ (deformable image registration: DIR) 7> & A5 & 15 Fi 7z 7o bk (A4 ) Wi % B\ 7GR sTH LA 58 -
FERFIH SNEHTB Y, COHEBEEIZL ) ZOMOBEERIMEE TE 2 LRI N TwD,. 51220 FEIEMORE %
WEE LY JRIERTE  AD-CT Wif% & DIR £t O A2 & M IR AE WS 2 BUR T4 2 e TE, IKSERT LI LR
IR CE DR TH 5. 5FETIR, FOH- MR GO L BRAHOBIRICOWTRMNL, SHBROEZIZONWT
T 5.

OS1-3 WA S M MEHE O Jsn By © HHP IR S Nz a— Y =4 CT OFIH
OFH  Bsh
AR A A U b

WG R E P SN2 T — Y E— A CT % EOBEFERGFHRER S AT 22 FH LEGRRERTOA 2=V 2V 72179
ZLE, FORBELBWILHENOFHFED 1 D TH 72705, FHHERIZ L > THEGMLO 3WRICH 2@ ERE I L £ 9
LV RAIIEENZ o7 L ) TH L. La L, dfhgmilnm 2 GG E O K2 &0, BSHREET O BB IREDO T
HALDSWREE o7z, HMAEDO L T A, IHEPOIREL R & ML 72 3RICBHRITTGEP ICHRGE SN a— > -4 CT
BTH), TOT7T—7 %P THFEGTH D S EBEORFICB L =7y hOXLEAERTLEW) Z L, HEEZICDH
—EI—-V V=LA CT 2#RET 5 L0 DMEEROEMS 1 2 ¥ 7O FH - EREHOBEAPSENTVL ES > TRV,
AFHH T, WRICBUT A~ — Y v ORER BB EHRERER B D EERICIRG SN /a—- 2 =24 CT OoFIH /AL
720,
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0S1-4 LF 4 F I 7 AR — AR ia

Oft #%
IUINR AR BE B A bF FE e P 2 B8 P I ) - R 7200 B

il % @ B E OB {512 HD W TR%EE (precision medicine) #FEET& 5 L 71 + I 7 A (radiomics) ASHUFHRGHE D 558
THEASN TS, LT a 43I 7 R, [EREER] 289 5 radio & [#EnT - & 2878 - REBEW - BigHZ & KH
155 - RIS WHPEsrBF ] % BT % omics 2 HIELNERETH A, LT 4 4 3 7 AL, KBELRERERT — 5 X— 2
M HRO I Rm O G GiE, 400 L) ZHEIT L, BUREHR (P L) LoMRTAISHETHL. H
G RN, IREC A N7 T AW, 727 AF v —fFi, 72—7L vy MR ELERDD, LT 4437 AT,
BEWL 7 IR =G h LoETHCCTEIMLL, BREHRE OBELTFARDL. RERTIE, L7144 37 20K LK
UGB L BR T 25 L BE NS 5.

0S1-5 WIEEICBITALTA A7 ) I 7 R

OwWil R—
REAR AP A R P BF 22 B0 e i 2 oy PR R 7 1

I ¥ a— ¥ RSB (CAD) Hiffiid, WEDOHFREZWRENZHOTIZICHOENTELY, BEOFHFIMICEMHL
TWFRIE D v, REFSE T, EfETEHRE MR %% VT, WEEBREOTH T %475 Computer-Aided Treatment
Strategy (CATS) ¥ A7 L &[5 L7z, FHTFENCA M2 BET 2B, B MR B{E2 5 BESgEs M Lzob, #h
SxEANE LTy 7 ABYRETIVIZL > CFETFMEIT- 72 FHREE ORI, WK ROC ##Tr CfT- 72, CATS &
AT AL, BURHRGERRALEIREN A R 2 BE OBPUISHTRETH ), +—F A4 FERELIET LV AT L E LTOWEH
I CE B,

1200 ~13:00 | LS1 [NVIDIA RE#ERBED ZHBA EEREKISA ICH 1 =R

ER: REIH—
(FRAFE IFHXT+1T7IFER

LS1 NVIDIA 548 BRE0 TR & RIS g 72 g

Ol Fotd
IXVFS THRESE T4 —7F95—=vF vJa—vary 7—F72F

IH ek
IXET4 THEFASH NVIDIA T2 8 =754 ZHEHL ATAHIN-TATHA TV AT A ALY A —T v —

RIS O J A2 72 NVIDIA OB Ml s, SWwis B E FEE LM EREIC LY, ST CHELoFEE LR
LTw5 GPU EBFEEHEE BN L, FEER - EESHTOMTFEALHEAT L. SoICEETIE, EREGSE TORE
S KU GPU O 7 53 K L EFFIRA OB M) 72 BEREICOWT, K SIMEP SO TERAZTER L, Emd 5%
L L7zw,

1310~ 1355 | %
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14:00 ~ 15:00 | SL1 [IBM Watson Health - Cognitive Computing & EED#5E |
EE: EIl &—
(FEAZ BAEREGRIZSE FERE)

SL1 IBM Watson Health - Cognitive Computing & FE# @ it 5t

O k. filx
H 7 IBM Watson NIV A 7 7 FHEERIEED

INEFTAVEL—F—DIFEITETCD [HFE] LT 2L TELah o BREERCES - HER o [IEEELT—
Z1 APEREZANF 2T TATHOWMEROBRL, [BEE+E] & L CRLEICERINTE oo/ lEfbT— 4% &
DY, BEOHEERREST, ara—8—70r T A2 K o TEREHIE S 2 DA% IERE LT — & OEIEDIEE I
L, AT BICFEAEXTLHRSEEOERY, —FOL NNV Tay Y a—& —|[CHESELEMPEEL, SEED L2
EERZIS LoD D 2011 FIKE 7 4 XAFH Jeopardy! TH & T & i LMt RErE 12 2 B 2072 Watson TH 1),
2012 AR\ 72 N THIRED BN S CTT 4 — T I —= v O 2o THR 2o/ ey PREOT 27— - v by
HIZE Vo B ETH L. 2EOLOAEZREEELND NTHBEMEE ZOREN, Ey 77 —7 o045l
BO, HOPICHEET DA LT =P H%0, BEL/Y — B L, EECAROMBEZ MR L TN T I
A >TCRKRERATF—NVTTELRRIIZDDODOH L. HLFEMHEICL 25 T8 R L, EHES ML v
CTENEETHY, Hfie LTCOBELBLELIZEMMEY) S RUITHY, 29 LiciEmr KEIISMENsHike s
TWzZ& 720,
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OP5-6 Development of a Collaborative and Mobile Platform for 3D Medical Image Analysis
O Wang Yi!, Liu Qiaqing', Deng Zhuofu’, Zhu Zhiliang?, Chen Yen-Wei'

'Ritsumeikan University, *Northeast University, China

In recent years, the insight of human body can be imaged with such higher resolution imaging scanners, and then allow
more detailed structure visualization for human' s internal organs. Analysis and visualization of 3D medical images plays an
important role in the field of computational anatomy and image-based diagnostics, surgery navigation. And the practicability
of mobile devices for using in medical imaging has become more common among the doctors. In this paper, we present
a collaborative and mobile medical image analysis platform with plugin functions. Each user can interactively access or
visualize medical images using his/her own iPad and all users can share the information anywhere. The user can not only
do some basic interaction on platform but can take image analysis, for example segmentation and registration through the

extended plug-in function like the 3DSlicer.
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WZOWCHET 5.

OP83 Iz T L WM{RFBE N2 ¥ ¥ a— & RSB BEGGRARLE & 7V v A <~ —BIERHNE D
I ES Oy ]
OW# T5&', Wil B—?% Af H-° #EH RE’
WA KR BRI, IR KRB RIS, B A IR S T LB A R WL
1 2= RS

WA, BN AT A MPEBIRTLTBY, HEKREINZ CTEEFRELREDOA ) —=y ZITHw LS
WHeEDSE o7z, REFZED BI9IE, #Efn 10 & M 2 AT 3 2 T2 w7 vy A < —RIFRHYE (AD) O
WM % X BT 2k MRE O CAD Y AT L% M TAHZ L TdhDH. ADNI F—FR— 205, IEHEG, BRI E (MCI),
AD OHEH MR (%, % APOE BT OEHRZIEEL, $-XTH MR B2 L CRMIBREEELLEE 24T > 7205, 1IEEG
O IR FIEERER A VER L7z, kIZ, MCI & AD @4 MR B[{&20 5 IEFIEERE 0L Z AaT7~y 7E LTRDZ. MCIL &
ADDZ A7 <y TEBIETITEIHEL, EMBMLBEZ ML 2. BT o@EWIZEY), WEHIVE S 2 5P
WE B T ERIFREMERANE D Z SNk o7 Lo T, EETHIS LMERD#EVE I ¥ a— 8 TFET
W, L RIHICHER 2T & AR D 5.
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0P84 FNIVISVAR—F—A A=V U 7IZBITA CT#HE MR #ofEGHLEZFAH L2 EE
Wy A5 A

Ofrm K", BIE ML mb A&3° 0 @R R R R B fmE K
B IERES, E R

UERRSERE R PERBIGER BIREA A — VN, CHORREREE  EABHARETIIER R, R
BB EE RO, BCREHRIEAY  GMERER, HRKSE R

[ BB N23LFP-CIT 1%, #&EEICBIT D /83 v 85 0 AR—=%— (DAT) D454 % SPECT T # L TE 4. Kifzeo HIY
X, DATA A=Y V7B AHBMEO S WEEFRIT Y AT ADOHETH S, Z0D720H12, SPECT 412 MR o RIEH %
EIMLCHEBMEom L2 X5, [ )7 AR 9ETHV % SPECT %1%, SPECT/CT EEIZ k> T s h/zdbns35. CTH
& MR GOfEADLEEFA LT, SPECT £ & MR %% HEIfLEADLET 5. KIZ, MR &2 S5HEEROIIRER 2§ 5.
i L 72K SPECT BICERGbE 5. WEFEAZREL, MITEt1ir). AT AME T, ESOE & iEs
DEBOZER L, BATREROMEZFRT 5. EBIZIE, TEIESPECT/CT, MR & 32 Z V5. [ #HE B RO E A
D, SEMIIBWT 2mm LTOMETNTH > 72, TR RO, KT 676, /T 175, Fii3 404 Tho7z. [#
IR AT AL, DATA A=Y 0 7I2BWT, HBEMEOES WIS T X 21 HEED S 5.

0P85 i CT ROBEPMFIRBRIZIED L FNRI VI TFVAR—F — A4 A—=J U FIZBIT 5 RN T8

OREIE e, A B B il mp &3 MRTATL W RS Bk KA
(ACE R (Y TR N

I KR SRR TSR R AN B T BN B, I R B A R B S B A DB W
A A= DO, RN BRI, R PR R DR

[ B9 J123L-FP-CIT I&, #MEMEKIZBIT S /NI FF » AK—% — (DAT) D45 A4i % SPECT B Cal#HAL T X 5. AWFZEL,
SPECT/CT #ZE@IC X VG SNz CT xRS 4. CTHROEBBEIERIZ L S DAT A A =2 ¥ 7 OIEHE % E =T D
B2 HNET L. [HEICTHREMEADEEHED MR &2 5 FEIHH L 728EEK T XVEEDO T — 5 N— A ZEKT 5. *f
RCT1HET—IR=ZA LD CTHBOMESDLEEIT). MEAOLEEICENT2HEOHBED S, i d HSARFEIE AL
L72ER 2 RERT 5. ERERO T VG Z TR CT RISHIET 5 SPECT RO BRI 2179 . [FER] E£BRIZIZ
Jix SPECT/CT, MR 14 32 SEGI % JH 72, ARTk & Tl CHiH L 7281400 5 ~OV i (% 2 F W CEHI L 72 & o3 #1d, 5K 0.89,
/AN00L, F3019 THho7z. [#iah] ATHER, UL AR EEOBERIZLY, DAT 4 X —U ¥ 7 O I % 2 &R
WEBTXLURENELD 5.

OP8-6 123LIMP ¥ £ F 3 v 7 ¥ v F 79 A% w7z Graph Plot $E1281) 2 L #IRO BB g i

Ol &', B R, Wb RS NRTAT, R BT R EEY O R
R
U KRB S R R, P I B R R, I PR R R B S OB

FRHIE OB IAZ W 0 72 O 12 NI & (mean Cerebral Blood Flow : mCBF) OMIEN ThHIE. ZDHIEETH 5 IMP-
Graph Plot #:1%, RI 7 ¥ ¥4 27 F 7 4 LoMBhIREE & S HEBIC 2 -2 B0 (Region Of Interest : ROI) % i€
%, L7 L, ROI DN EIXFHIIAFEI CTRET A720, WEERIIESDEPELL b, RifgEld, 115 ROI % H
BIAICREE T A oS B L 3%, MEhR ROT (&, WEFaEIo B EhR S & BT EIAR)E 2 CRLE 3 2 R i sEfiAR (Time
Activity Curve : TAC) O AMHIZ L o THiES 5. BHEBROI L, FREIAEEE L728EE ROI 20 53 L7 TAC 5V EER
5D ROL 545D TAC & OMEIEHREIZL > TIET 5. HHETESOAEEE S CTIE L7z 37 FER 2 v CERli L 72
Fig, LM% ROL & HE) ROL O LD — 27 ) v FEREEDO P13, Bk RO & BE# ROI ®ZF 2B \WC, 301 & 2.07 [pixel]
ThHo7z.
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0oP8-7 WRILHE > >~ F 75 7 4 A BT % Patlak plot 2D L FHWME B D HEIME ¥ A 7 2 D
Pz
OWW  Bsk!, B R ? R OKEES, W Hsht % me W BwEe, m o aE?
UGBS TAEE EAGET - ETAOR WO — R, MRS kEk BERRRIZER. CIEASE  BEHS
g i, ARl BRI MR RS

[H] Patlak plot #1&, KPR mCBF) 28T 2 IEE L FHTH 505 WL OPOFFHHEAEIC L ) HEEMIZIE
LOENFET D, £ TR, mCBF OMEEMOIES S EZ 0 e, WERRoBItEom L2 Bige LHEE
VAT LAOSEE M ET S, ] KBRS & KRRz ziic, B L L 72IROE 7V 2 FIH L TROL 22 5.
ERREO Y — 7R 2 ko, HBOMIEZIT). 70y MEOBRERICARE T 5 50EREITH. oz HETIT)
RFFEIZBWTmCBF 28 L, FEOMEML LT 2 2 L CRFEOMMA 17 [KEHR] EZBICIE 94 E A v/ K
Fi: & FEOREMOMBEREUL, 1l 089, 7l 088 TH -7z, Bland Altman T DK RS, AKFE: L FHII BV TR
OFERVPR SN [FiEe] BEICHEEZAT) AT, WEFMIZBT 21 X502 ~oFHEFR S, WERHROFHMED
MG TED ERREND.

16:50 ~18:10 | OP9 [CAD /B L

ER: AL R— (BBAKXZH)
MR 188 (HERIKF)

OP9-1 WE T IV F 2380 5 SME O BB AT 12 B9 2 R IRGT
OB/, N B, Bdc 33 @ =0OEH —C, g BRSO T el
VIR R Y AT AER TR 2 v ¥ 2 — ¥ 4 =0 AHW, 2MERtEmEE) ) 57— 3 V8, i
ERFRFREAIGE R ABERER 2R UNEY 57— g YRR — R, RILRSEEIEAE,  SHE Rk b
BIRMEL, YJST-ERATO BARTFE— A4 A=Y v 7uad s b

a3 T EED—K & L CHENEOEINICHEH L, SBITHRICB VT, IEFHET TIIAEMMIEIRD L Tnwbs 2 L 25
M L7z, SBATIRE OB ORMEM & LT, SHHEESIFNT 2179 B2, BHE, RGOS X I CEEE2 2T LI hdo72. 2
D LS BREBERN GRS T 5812, ITEEICEDb L RERMEEE 2o Tz, RIFZEIE, ZOMEEZEIT 5720,
41, 2, 3, 4, 5, 6 OZSEMEBZR & EHEHEROE Lo, 6 SEIEEICL, RAN2EELITOCIRERERZMER L, &5t

DIEEENT AT o 72, TOMR, L0 REEOEBFATFE RGO N0 THET 5.

OP92  CT W% H 7z BERRARE T 0 HE RN TR O YR ~KEEIR 7 F v 7 vy MEREZH W
B TR R ~

OlildWwaA ', FA& ', Tk EV? KF /12 %0 #£0° ke R&’
MR 2R KR B B TR, PRI B, B B R B D 2 SR

SV IS oD (B ERE R ME 1HET 23546, WEAMED ) 27 28#INEE5. 20700, FHI3EEOME R HEAE
EART~Y— A= LTEETHL. AKWZETIX, RHLHEIRE 7T v 7Ny NEKE w7z CT IR oK E T O BE)
MFEERE L, B AT o720 3, ANBEBGRISH LT 2MELE 70— ¥ FE A T, BRI 2 T 5.
FLCHEREICH L2 E5VE 2T 5. M EH 72 1B L REEIR 75 v 7Ny NEWZFIH L7z Ziud, BEEL
AL E NI OB S ISR L CHZLTT I v 20Ny MEZITH L OT, RERMWUHE 7+ 0T —HEP O 7D, 12
JEBIOERIR T — % & W 7GETIE, SEBD 72 0 OIBEHEEAY 683 D & % 86% OMEREE R L7z, F72, RO TT v oy
MEME IR L2 2 A, BBESER L. COERE2S, BEFEIHETGREROHEBRBICAEHTH DL Z LATRE S
nre.
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0P9-3 4D-CT W2 BT 2 i i L 3 o> H B b

OF &', #Us id % KA me, RAN %% wE RZ’
B KRR ARG, HHE KB SRR, KT AT R e > 4 —

4AD-CT W% % 5eI2 8 5 N A I % (CT perfusion : CTP) &, MIEIMMEMBOZWIZA A I TS, LirL, CTP I
VTN LTI E o THTTEN R 57250, ZHRERSIES O RS I N TWa, 2T, AKREFZETIREEE 4D-CT
O JE W 57 5 i B A Z BERE T 2 7V T AL % RETH. HRMEL YV EREEEELATA AZRELE Ty Y
PRI L7 4 vy (APMF) z3H L7-. APMF MWEBZE{GICN LT A7 G2t T v o7 v a v L, @R &0mE
FEB O A2 L7z, BRI AAINERICEEOB O (RO #%E L, Mbd 5 ROINOIMEEREICAGZE GRatia
T DHY, o, BIMETHREAN S V2 B s & Lol Lz, Bt 4 CTP mifg & it L 72455, k4l
UALE R EASHERE S N2 2 &0, IRETFOR MM TRIE S L7,

OP94 77 AF v LBIFHE V7R MRAARIC X 2 HE

OXKH  HEX', HIT & Bochko Vladimir®
WP ke Kb TARgeRl, TRk 7us 54 TEILY Y % —, °*Dept. Electrical Engineering and Energy
Technology, University of Vaasa

HEHOBWEO—DTH L EZITEOOF, IR, Bl HEEORES»rLBEOERRHZZWM 5. 3 Ea—FLRICK
ZEENREZINCET 2WEDNMED SN TV 5, JRITEEOCEPENRTH ) HEE LM, BT 2058134 %, 5k
FWF9E & L CRE 405nm 12 ¥ — 27 2 Fo i &2 W 7280680 L ) TEBFHIO AR ENT W EH, RIPBISE VLR
ORI U EN R S . F 2 CHllE IR R O MR W CE BRIt T 2 2 L a il A F
TR /NS RS 5. FOMER T L IZT 7 AF v LIS T A5 20 Fio S E A i L CEEERICA
NT 5. FhiT—% & LTHOHEUHsZ WS % 5. ##E2#121E Random Forest # vy, Grid Search I2& ) /¥ X —%
ZPEE L7z 11 ZOWEE S 2667 > TV E I USCHEMGE R 1T - 7285 58, B 881%, HFFLEE 84.0% & 72 1), il H s
Bh 5 OEHEHE O EEEDR Sz,

OP9-5 v x—7 Ly NEWEMH L7 OCT WD ARy 7 )V ) 4 X

Ot & BRI #—
RBORS: Kbt BT A0 7eRt IS A T g

HENE o I e T & R qb 4 5 & & AYETRE 72 OCT(Optical Coherence Tomography) I #8IE O E % X U ofl 4 OB W2 H W
ENTWS . LAL, ZOBEGIZITEOBESEDHETANRY 7)) 4L APETL . 20/ 4 REFERMTH 5728 , median,
Wiener % EDfER 7 4 V5 ) ¥ ZIEER TR 2\ ARKRE T, IR0 28 e L oo S 2 hEds2 L
T&572—7L vy MEFHRIFEIZOWTIBNRL | BRI IZHEZ B2 3 2 BIfE %2 3 & & 7 5 0324512 2 Oz o
TREE G U CEIMICZL S THESBREZFEB L T D . 72 IERE S I NE S (SN 2 K E2HH)$22 LT, &5
WS BREOMERZN ESE/2 . SNILEZ AW TRIBETEOENEZFFM L2 L 25 EROEMINEFH %2 HWATHELD
49dB ) £ L 268dB TH - 7-.

OP9-6  MAHHDGT Wi (OCT) WA 5 DL I HEIEE 275 4 ¥ ik % 72 BBy S Sl ik

Otk W', R EiR°, = mE b S A SR
ISEARERER TR, CEERERERIIA ) N— Y 3 YRR, PSRRI 2 N— 3 R
SRV o 2

JETHETEE (OCT) 12 & 0 Ko B oML oo Wi s % (OCT Wifg ) & IF#ein, JFRETIRFE T2 2 L2 T, MEHRED
ERMNZFHO 20, WEEOBBEHN Y AT APEZINTWE, BRHOMEZRD 572012, LHOMETOHHEE
R, ROTBERBOMEZE LN OR 720l AT T4 YMi#eHv, ORI X — 5% 2 e %5l Bz e 5%
L7z, S SRR %, BEMIIZ L > T L— A S NIER W5 10 £, SOEMIR 20 OB & i LIS 2R 72,
[EOMBFEE ILM, ©F% LR RPE, #BEEOHBIZOWT, (ERTE L MEMUEORE TR 217 2 A Taz. RETE
BV TERBEGO M TEHRIANMIT R OoND T eV o727, LA % OCT BRIZHIG L7287 A =5 Dk
EEPLETH 5.
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g28 78288 (&) E IR

| 830~1000 | OP6 [CAD ~EEREHN M0ME - L -£5 - TOft]

ER:2X B= (R#BKXF)
=5 (AIERGSRAEL>Z2-)

OP6-1  BRAR-7~8 & i 7 IR BRI S 44 F B i 4412 3T 2 WF B AR 7 Ao AN 5 iR B9 2 — B 4%

O#kF #A', | Wifli® Roth Holger', # ME—EE', /AW B%', =& —®° & '
"R BRI RF BRI RE, B R FRF RS R e R, MRS A v S —

AT, 3RITIEER CT %70 5 Al L 72 IEEREIRFEI 0§ 2 B8k 2 X 2 8 4 B8 IS 2, PR 5 k12
HHLTTo 72 ABFATIC W TREOMAERG ¢ ILMEICIERT 2 2 LI3IFRICEETH ), IhI TR 2 Vw2 E
EREIIRGEI XS 2 A4 HEA IS T FES W COPRES N TE /2. LA L, FEIRICH 25838 — > & b DIEHEE
DIEBVEAD D 7% T FBPTb IRz, N6 OME TN 5 HES SIS EIME A - 72, £ 2 TRETIE, FE)
RO E — > % 6 DL, NSO DEMREFAT 2 2 & TMELBHINISITREDOM e Mo, ZofER, Kt
JFBMIROXGAT T AEE O LAY S, EEEIIR 22 5O B B IS TR R T 905% & %2 - 7z,

OP6-2  JEBRMEHAIINIC & 2 a8 2 b WG IS HED < R SR TIE O g R

O/E BEEL', KV e hilE 350, KR %Z7, W RS WA FIRC
FHRPERERE TR, CTRRET 0 Y74 TET Y ¥ =, TRIFEERR BB, THA
S ERME IR BRI LR PORE, *H R KB TR

X B RET TRl ihE 179 B, Digital Subtraction Angiography(DSA) (2 X V) & EFTZ W HALd 5. L L, KEsE
ERRICDSA #4179 BRI BE BRI O R R T A2 LED D 5 120, BENOEEHENNZ O %255 . & 2 THEED JAMIT T,
TN A b ERS N E KB IE I D S 2 A S b B 2 LT, BRI T TS L 72 &850 & 5 MAE BT
OMEFRTRER WG 2 ER L7z, Lo L, BNA FERSOI CIRINEESR L BEEZOTEIARTo 2562 S, 1
BT OGN ORI T TIE SN o7z, 2T, AT ONA FERS G OSRBE 1T 72 BARIZIE, M5
DI RAEZE LG0T 5 28T, MEOT Y VR LOODERBITOEELITo72. ZOME, MEER LT
FOSERE DR EAVERN - EEICHEE SN 510, MiUEEOMERICBI 2T RRSOFEIVNSRY, H]
MEDOENMEGE LR TS 2 e TEL.

OP6-3  JEBYIRIG 15 % H v 7 DA LG 5541 D =K TE v $AL
ORraE &', KW wg? M ¥G°, MBS, bR FEL HA AR
FHERE KB TERIER, TR Ty TR Y v~ OTRERY ORI, T
Ko KRR EIEbE SR 2PIR

BRGNS BT 2B W T X BRI X 2 AT DN 5. EEIIRE#E ME EAR & 3 TR 7 72 D IR A W R | 15
NZ—h7T, MEREDPRITTOEENOZELTET 5 2 L IZHEETH L. OHERBOFHE & L TRESMAZR &A% 60
B, MAETHROEIMIME) BEOAELR EAFMERE LTEIT NS, £ 2 TR TIHRBIIRE B 50 5 BRI HER DI
R I E LT, B E & im0 Am O = Rch 2 bz a7z, EFmEIESICHWL NN, 7L -2 B C T — 4
X B EEOWH A A M) OF v ) TV —Y a3 Y &fTo72. WREEMOREW AR ZEGICREL, 7— 2% 85AE T
S EHET 5 2 LT T — A0 2 MR ORI 2 17 o 72 BRROTEEIREF B G N U CEYGE BRI X 5 =Rkt

L&AT o 7oAt R, ZRITII 2R MAETEAT & 2 HUSABE S 2 #EG /A6 SRR C & 7.
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OP64  #EW2%H % Bl 72 B) Ik DSA o B%

OWARD SR, KB RiE
IR IR BRI R

[Ef9] DSA % ERENRZ: & DLMEFE THW A 2 EZIFE A LITDbRTw AR, 0B & 2, IFRBE»KE L, 7T—F 7 7
7 M ENB WO THDL, RFRETIIRDEEOREWEEIREZ IS LT, sz Hlwcr—F7 727 MUK L,
DSA % DEFEIC B TE 2 HEE2RET A2 ANET S, [HiE] BEEARAA=2—F )V Ay FT =2 FHWTHEE
ETFTIVERIER L7z, 3G R %R B oG Mz, FEHBEAOETIVIZEEI O G AL, BOmGz < A2
e L7 HoN~v A7 BE M L CREMIEE T\, DSA §E257:. [FR] SoEMIc LTh BIF BRI S SNz,
BRI/ B 7o — RSR L Ch BIF R RE2E S Lz, (] a8 2w CEBIIR DSA IS T& 5 2 L AVR &
nr-.

OP6-5 EREF VD S AARMESIC BT 5 FDG-PET Wi{§ 0527 1 W {GRAT 8 0 Wik

ORMEGER, B B B mse’, o {92 ik Ew® ghk 10 mE
LUEES SN Y
U R R A B R A R AP SRR AR LR R A U AE A A — DEWOTEE, R R E RA IR R E, S R CE S3
BEBCRRAT, * H AR IR e O R

[E 1) FDG 4R % R 8-l 12 1E SUV SV SN S, Lo L SUV IZEERA 72 Ml & S0, SeRsEE 134 B 4T R0 ik
L OIEFHEE REETIEEFTALEND L. FTAIIIEFET IV E DB L Y | IAEERIC BT 2 T IR T 5
RIS L7z, REFZEO B, SEHA BRI E O A HEoREETdH 5. [J7EE] 1B 7% PET/CT Bif% 49 fEF 2 FvC, CT
W52 & i e tii 2 BBt U, PET MR LICEAR L, R0 EL 21T . OB RPLIERETIVEBET 2.
Z LT, IEHE TV LML L 72 ER] 2 i L C Z-score 2L 5. JFFIE, Hilid & OWEER B 34 FEB & 1EH 25 B %2 H v
T SUV & Z-score ® ROC T #1479, [#EH] W h oz 3T d ROC Hi# T A (AUC) & SUV & Z-score 8098 X
DEEER IR L2, $77, SAHEIRIC 51T 5 AUC 1L SUV 25098, Z-score 73099 & 7% 1) | t MBI & ) AEaahmgasi s nsz. (4
gl IARTEISC B CRET AR EHRAFNT 2: H F 2 T Re 2RI S 7.

OP6-6 18F-FDG PET % Hl W 7= BV 5 0 iR #ER) R 7 W IZ B 1F % Standardized uptake value 3 & O
Total lesion glycolysis @ &FAfi

OWE 3%, RHBRNE B &l 8 RS phE o B0 W\t kE KE?
RS TR AT - MHCTER WO A, CMORKEREE EERUIER TR
fEA A — NWHSE, KHESMEE RO, BRI R

FDG-PET M2 B\ C, JEE O FFAMiI21d, Standardized Uptake Value(SUV) % JCIZ&Fli§ 5 SUVmax 25 & < HW 511
L. LR, EREERORESLEIEY O % & WS 248 CTh % Total Lesion Glycolysis(TLG) b HWwHils Z e b
D, RGO GE R T A4RE L L CHEH SN TS, RifgEo Higix, TLG o HBIEEORZS L,
SUVmax & DI TH 5. WM 22ZE1LDH 5 FDG-PET MAER % k5 & LT, BEERIMO SUVmax & TLG 23K 5.
TLG &, SUVmax % jCiZ Cut Off Level(COL) % %% L CTHHM 3 4. COL X, SUVmax ® 50% & 75% e LT, #h&h
TLG50 & TLG75 & ¥ 4. EEOFMOz®, TNHMEOZEIZOWT, A SUVmax, A TLG50, A TLG75 #%#; 2 & 1245
Wds. 2LTC, ZOZEICHLTROC 2179, SHOSHBTORESE, SUVmax DZALEIVNSWERETH-> T, JE
BOER % WS 5 TLG (X, ZOERHOZ bE #Y)IcRKHTE 72,

OP6-7 SVR # w7z X $m{RICB T 2 FRHY) 7 ~F mTS 227 OHfE

OHF fiee, BH A, #HE % MG BF
TR R TARRR

ARIPZIIH 50 T ADEBMEREHT Y v~ FBEDPGAEL, FREERTADNERT L. Uy FIERIRBIC L 2 FHOF LW
YENRONDH, ) o~ FOMITEIIS U@ 2R AT ) LERH L. ) < FEITEZR CIX, FEICBmEEL >~ b
2GR L, WEIEETE mTS 22728 L TWwa D, FEThi0W KR EERME2E L, F/-2a 7133
BEEliCTdh 5 -0 BB, EELOEENE T > TW5h. KETIE, THE— X7 ¥ —[A)FE (SVR) 12 & 2 TR X #5205
DO mTS ZaT7HEEFOMEITH . FE & L CEfELE o HOG (Histogram of Oriented Gradient) % Fv 7z, i &
LTSVRIZE 2 mTS 227 OHEENTHETH 5 2 LHURIBE N7,
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16:50 ~17:50 | OP10 [E{&B#HK CT MR~ SPECT]

BER: T #F GUKEXS)
B K (REXF)

OP10-1 iy 7 —Y) =2 P L7225 MBEH 51 3 E 512 & 2 MR B ER)K

OffiE &, /I ®RE
FHE R REEBE LAWFER TS 2 7 2Rl

st ¥ ¥ 70 MRUSH T, FAROBEAE S OIEIED T & 7 AELTURSI KA L, %5 LB A5 =

LCHEA D B KA T AR OB REL L SR B0 5 — Tk L LT, BRI NI T — ) T AR %
FIL, SEREIHEIHE] X 20k & L O S N5 A 5 MR 17 FHEIC D THRA £ 17072, 2 OB, il 2 LA AL
R, BERDERIECTH B & OMBRADEINT X 2P EILEFIURII KL, BT 2 4V EIHEBIURILI K
L AR S L7, FREIROMR SRS L 7 — ) TR S £ > Y 7 ZIEHT 58 &) b B
ROAFER 7 — ) TG & M L 7 > 7 WU £ 17 72556 & IR SO 515 5 .

OP10-2 *7V—27AFx YiEafH L7 MR JEMit > ¥ v 7 O miE s

Offi & Rfitls, il M
FHERE REEBE LAWIER TS 2 7 2Rl

MRI ff 2 EfEt > > v 72 FHT 28546, BHEMOEBONERE 2K RETLINEFEIELFIHT L Z L 0%
W, 2Ol E, ANR=AEOE L R VEHEORAEIIHEGOSREIMET L, HEOT 7 AF v RRbNAEN»H L. £
T, KWRTEAINT T VEERAIIBITILAT) =7 AF Y 2L, FA—0EFINEE CEBKBOESZINETE
T2 HEIZOWTIRET 21T o 72, —RICHW O N TV AN ERENELT HW/GE0HEGR L, KExHWBE0mEG%
Wit L7z. FHiliAd:& LT, PSNR & SSIM # Hv 7z, BIEFHAT I 2L —3 3 Y OFER, (EREICI$EERLED 28 PSNR,
SSIM 4h1C BIF e e b 22 5 2 EDHERT & 72, FEBICBWTY, ERETT 7 AF vy 3k b Tz i % BIFICHAT S
ZEDMRT. LS o THREE OB AR S L7z,

OP10-3 TOF-PET IZB\F %% Hilhl 2 % 8 L 72 #SLiE € i o B s
O #®z, Ak 1k K Ew—, It EW
(KR ) BHEBUERT LA IR ZEIT

PET E{EOEEMEZHET 720121, FHllT— Z IR AT 2 B0 & IEME S LI IE 2 %2 5. TOF-PET
I BT A HEIEEICE, B—8ElY 3 21— 3 ~ (Single Scatter Simulation) #:% TOF g1l 57— # (2355 L 72 TOF-
SSS 25 A, — el 2 ML LEGEL L 7 2 EEGELR OB BB 2 72012, 8 L 72 B—{ELE S & EHI T — & Ot
=T L L IHEREERIET A, Lo L, H—HER E ZEPERO S ILIRE R 5720, LEEGELEOBENKE WY
EEHEEERENREL R D, 22T, LEHEIC X > THREFES A OB AIEA S 2 & B ICHHET 5 ke LT,
LA AT O L & 38 A L, W#kE] DOI-TOF-PET 241 CTHef% L 72FR 7 — & 2 W€, HElHIERIE O Mz 1T - 72.
ZFORER, FRNE GO EEEDS E L2 Eh D, BREFEORZ LMD SN

OP10-4 7 —% #FIH L7-fiM3:12 & %5 SPECT B K 0%

O Hf', K& 22 WAL AR?
R R EIBER A KA B - LR R P LR, R SRR PRI SO R A

[H#] SPECT WUETIIREMEZ WA S L2 LT, WERMZERTESL., LErLEDS, 7T—F 7727 MRERMIVHE
RO AT T 5. AR TIRKERY Y 7Y v IV METIEEL, HoNkd o mHAEOEE T — 5 &5t
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OP11-1  Automatic Vessel Segmentation Using A combined Deep Network

O Kitrungrotsakul Titinunt!, Han Xian-Hua?, Iwamoto Yutaro', Lin Lanfen®, Wei Xiong®
Chen Yen-Wei'®

'Graduate School of Information Sci. and Eng., Ritsumeikan Univ., Japan, “Institute of Advance Industrial Science
and Technology, Japan, °College of Computer Science and Technology, Zhejiang Univ., Hangzhou, China, ‘Institute
for Infocomm Research, Singapore

Segmentation of organ’ s vessel is an important task for medical field. It is still a challenge task because of the tiny
vessel structure, low SNR and various contrast of the available medical data. In this paper, we propose an automatic vessel
segmentation approach using multi-deep network. The proposed method trains a binary classification based on extracted
training patches on three planes centered the focused voxels, and thus is prospected to provide more reliable recognition
performance. Furthermore, due to the large variety of device values, we investigate to first transform the raw data into
vesselness map, and then conduct vessel extraction. The proposed deep network provides the vessel probability map, which
is used in our post-processing method to generate the final result.

OP11-2 A Study on Fine Blood Vessel Segmentation Using Fully-connected Conditional Random Field

OFX W' /AW BE? 5% f° A fEHI°, Roth Holger’, &  fd3°
SRR B HE AR, AR R B AT TR, Al R R B R A R SR

In this paper, we introduce a fully-connected conditional random field (CRF) into blood vessel segmentation problem to
improve the segmentation accuracy of tiny blood vessels. Due to the “short boundary” bias of graphic models, conventional
local neighboring graph, only neighboring voxels are considered, have an unpromising segmentation results on elongate
structures such as blood vessels. To address this issue, fully-connected graphic model was introduced. Different with local
neighboring graph which only model local pairwise potentials, fully-connected model establishes potentials over all available
pairs of voxels in images. The experimental results shows that the fully-connected CRF can achieve a promising result on
tiny blood vessels.
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SL2 Deep Learning for Medical Imaging
O Martin Stumpe

Google Research

Deep learning has revolutionized machine learning in recent years, and its applications are progressing into more and
more areas beyond visual object recognition. This talk will provide an overview of deep learning in computer vision and
the various applications Google has pursued in this area, before addressing how deep learning is starting to impact medical
imaging. Two topics will be highlighted in particular: The first application is the use of deep learning in Ophthalmology to
diagnose a disease called diabetic retinopathy. Diabetic Retinopathy is a degradation of the retina caused by diabetes, and is
one of the world’ s leading causes for blindness. If diagnosed early enough, it can easily be treated and vision loss prevented.
However, due to shortage of doctors, in particular in developing countries, many patients suffer irreversible loss of vision
before they are able to get a diagnosis. The second application is the use of deep learning in Pathology. Rendering cancer
diagnoses on biopsy images is a highly complex process that requires years of expert training, involves reviewing extremely
large images to find literally the needle in the haystack, and classifying tissue with very high inter-class similarity. These are
tasks at which humans are traditionally not very good at, and indeed the current state of cancer diagnostics leaves much to
be desired. Deep learning has the potential to help with these challenges, and will enable tools to assist doctors for increasing
the availability and the accuracy of medical diagnostics.
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The goal of this study was to develop an automated contouring framework of clinical target volumes (CTVs) on treatment
planning computed tomography (CT) based on Bayesian inference for prostate cancer radiation therapy. The framework was
based on the Bayesian inference with a probabilistic atlas of CTV and occurrence probabilities of planning CT values. CTV
contours determined by radiation oncologists were employed as references for evaluation of the framework. The average
Euclidean distance and Dice’ s similarity coefficient (DSC) between the references and estimated CTVs for 10 test cases was 4.2
mm and 0.79, respectively. The proposed method could be feasible for estimating CTVs of prostate cancer when CTVs were

located at an average position.
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Histological images are very important for diagnosis of cancer. However, during the preparation of the histological
slides, the 3D information of the specimen gets lost. Therefore, many 3D reconstruction methods have been proposed.
However, most approaches rely on the histological 2D images alone, which makes 3D reconstruction difficult due to the
large deformations. In this work, we propose an image-guided approach to 3D reconstruction of histological images. Before
histological preparation of the slides, the specimen is imaged using X-ray microtomography (micro CT). We can then align
each histological image back to the micro CT image utilizing non-rigid registration. Our registration results show that our
method can provide smooth 3D reconstruction with micro CT guidance.
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In this paper, we introduce the influence of new voxel-connection structure and higher order potential in torso organ
segmentation from CT volumes based on conditional random field (CRF). Many methods of automated segmentation from
CT volumes have been proposed. However, lots of parameters require to be adjusted empirically in these methods. Here, we
construct CRF model using the stochastic gradient descent algorithm in the learning phase and maximum a posteriori (MAP)
inference in the prediction where parameters can be adjusted automatically. To evaluate the impact of voxel-connection
structure and higher order potential on CRF-based organ segmentation, we perform the experiments with new CRF model.
The experimental results of 10 CT volumes showed that the connection structure and the higher order relationship have
influence on the performance of organ segmentation based on CRF model.
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In this paper, we propose a novel unsupervised segmentation method for 3D medical images. Our method has two phases:
(1) learning deep representations using JULE that alternately clusters representations output by a CNN and updates the CNN
parameters using cluster labels as supervisory signals; (2) segmentation by applying K-means to the deep representations
from the trained CNN. For comparison, we also present a simpler unsupervised segmentation method using spherical
K-means. We evaluate our methods on three lung cancer specimen images scanned with micro-CT scanner. We aim to divide
each image into the regions of invasive carcinoma, noninvasive carcinoma, and normal tissue. Our experiments show that the
proposed method outperforms spherical K-means both quantitatively and qualitatively.
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OP13-1 Learning an overcomplete codebook of tensor local structures for multi-phase medical image
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Content Based Image Retrieval (CBIR) is attracting more and more research interests recently. Sparse coding technique
has been proven to be an effective way to learn inherent structure features, which is a challenging task in CBIR. In this study,
we propose a multilinear sparse coding method to learn features, while maintaining the spatial structures of multidimensional
medical images. We regard high dimensional local structures as tensors and propose a K-CP algorithm for tensor dictionary
learning and MOMP for sparse coefficients calculation. The proposed method is applied to a CBIR system for retrieval of
focal liver lesions (FLLs) using a medical database consisting of contrast-enhanced multi-phase CT images. Experiments show
that the constructed CBIR with multilinear sparse coding method can achieve promising retrieval performance.
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Automatic detection of vertebral body positions and classification of

vertebral fractures from CT images using Deep Learning.
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The osteoporosis is an important socially problem in aging society of Japan, and the number of patients is increasing
year by year. In this study, we focus on the diagnosis of the presence of osteoporotic fractures under a
semi—quantitative method (SQ method), which classifies vertebral bodies, the part of osteoporotic fractures most
frequently occurred, into four grades. Our method used a convolutional neural network to accomplish the localization
of vertebral bodies on CT images and classification of osteoporotic fractures into four grades defined by SQ method.
In this study, the 17 vertebral bodies from the first thoracic vertebra to the fifth lumber vertebra on CT images were
targets for localization and classification. Learning and testing of automatic detection of vertebral body position was
carried out in 27 CT cases. As a result, we succeeded all detection targets in each CT case. Furthermore, we
constructed and tested a model that classifies into four grades from the 82 CT cases. The accuracy of classifications by
averaging the results in four grades was 85%. We suggested the usefulness of the proposed method to automatically

detect vertebral body positions and classify vertebral fractures from CT images using deep learning.

Key words: CT image, osteoporosis, vertebral fractures, SQ method, convolutional neural network
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Automated recognition of the erector spinae muscle based on deep CNN

at the level of the twelfth thoracic vertebrae in torso CT images

Masanori KUME™, Naoki KAMIYA™ Xiangrong ZHOU™®, Hiroki KATO™ Huayue CHEN™
Chisako MURAMATSU™®, Takeshi HARA™ Toshiharu MIYOSHI, Masayuki MATSUQO™ Hiroshi FUJITA™

*1 Graduate School of National Science and Technology, Gifu University

*2 School of Information Science and Technology, Aichi Prefectural University
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*4 Department of Radiology Service, Gifu University Hospital
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Cross-sectional area of the erector spinae muscle at the level of twelfth thoracic vertebrae is valuable prognostic factor
of chronic obstructive pulmonary disease. Automated recognition of skeletal muscle based on shape model in torso
CT images has demonstrated. Automated recognition of multiple organs based on deep CNN has also demonstrated,
but recognition of skeletal muscle has not realized. In this study, we realize automated recognition of the erector
spinae muscle based on deep CNN at the level of the twelfth thoracic vertebrae in torso CT images. Original images
of torso CT images and ground truth in 40 cases were used for training. As a result, the average concordance rate was
82.4% using 29 cases of torso CT images with 50% of the ventral side was deleted. Therefore, it is considered that
using deep CNN method is effective for the automated recognition of erector spinae muscle at the level of the twelfth

thoracic vertebrae.

Key words: Elector Spinae Muscle, Skeletal Muscle, deep CNN, COPD
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Automatic Detection of Microaneurysms in Retinal Image

by Using Convolution Neural Network
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One of the early findings of diabetic retinopathy is microaneurysm. Microaneurysms look like dark small dots in the
retinal images, thus it is difficult for physicians to detect them visually. On the other hand, convolutional neural
networks (CNN) showed superior performance in image recognition studies. This paper describes about the
automated microaneurysms detection by using CNN and the performance. First, retinal images were enhanced by
using shape index based on Hessian matrix, double-ring filter and Gabor filter. Microaneurysm was then detected by
using CNN. Finally, false positives were reduced by using another CNN and three-layer-perceptron with 48 features.

By applying the proposed method to DIARETDBL, the performance was better than them or previous methods.

Key words: Retinal Image, Diabetic Retinopathy, Microaneurysm, Convolution Neural Network, Abnormalities

detection
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Extraction of Retinal Blood \essels

by using Deep Convolutional Neural Networks
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In the medical check-up or mass screenings, the fundus examination is effective for early detection of lifestyle
diseases, which are systemic hypertension, arteriosclerosis, etc. Therefore, several groups at home and abroad have
reported blood vessel extraction methods based on machine learning by using filtering techniques. By combining
many filters to increase a performance, setting many parameters were required. This paper proposes the blood vessel
extraction method by using deep convolution neural network in the green component of color retinal images. When
the proposed method was evaluated by using DRIVE database, the AUC based on ROC analysis and the accuracy
were reached to 0.9636 and 0.9442, respectively. The proposed method showed high performance, although that used

more few parameters setting than them of previous methods.

Key words: Retinal image, Blood vessel extraction, Deep convolutional neural networks, Computer-aided diagnosis
(CAD)
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norm2 5X5 1 13X13 X256 — 0
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conv4d 3X3 1 13X13X384 RelLU 1327k
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pool5 3X%X3 2 6 X6 X256 — 0
fc6 — — 1X1X4096 RelLU 37748k
fc7 — — 1X1X4096 RelLU 16777k
fc8 — — 1X1X6 softmax 6 X 4096k
F< 2 ikl Al 5
TP[%] FP[/case]
Datasetl 90.24 18.12
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Dataset3 91.30 1.22
S 92.56 13.03
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(a) Datasetl

air chest_wall GGO Nodule vessel vessel branch
air 0 0 4 1 0 0
chest_wall 0 398 84 31 3 31
Nodule 0 0 15 22 0 4
vessel 0 0 3 0 1 1
vessel branch 0 0 19 3 4 13
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#3 %7 T A4
(b) Dataset2

air chest_wall GGO Nodule vessel vessel branch
air 0 0 15 11 1 0
chest wall 0 409 66 49 5 9
Nodule 0 0 7 18 0 1
vessel 0 0 3 7 30 2
vessel_branch 0 0 22 5 10 16

(c) Dataset3

air chest_wall GGO Nodule vessel vessel_branch
air 0 0 0 0 0 0
chest_wall 1 200 5 2 9 9
Nodule 0 0 7 14 0 2
vessel 0 6 2 0 3 2
vessel _branch 0 0 1 1 0 6
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Detection of Abnormal Candidate Regions on Temporal Subtraction

Images Based on DCNN

Mitsuaki NAGAO?, Noriaki MIYAKE?, Yuriko YOSHINO?, Huimin LU?,Joo Kooi TAN !,
Hyoungseop KIM?,Seiichi MURAKAMI?, Takatoshi AOKI?,Yasushi HIRANO?3,Shoji KIDO?®

1 Kyushu Institute of Technology
2 University of Occupational and Environmental Health
3 Yamaguchi University

Recently, visual screening based on CT images become useful tools in the medical fields. However, due to the
large number of images and the complexity of the image processing algorithms, image processing technique
is still required a high screening cost. To overcome this problem, some computer aided diagnosis (CAD)
algorithms are proposed until now. By the way, cancer is a leading cause of death Japan and worldwide.
Detection of cancer region in CT images is most important task to early detection. We have designed and
developed a framework combining machine learning based on DCNN and temporal subtraction techniques
based on non-rigid image registration algorithm. Our main classification method can be built into three main
steps; i) pre-processing for image segmentation, ii) image matching for registration, and iii) classification of
abnormal regions based on machine learning algorithms. We performed our proposed technique to 26 thoracic
MDCT sets and obtained true positive rates of 92.56 [%], false positive rates of 13.03 [/case] were obtained.

Key words : Computer Aided Diagnosis, Temporal Subtraction Technique, Deep Leaning, Alex Net
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Lymph Node Detection from
Chest CT Volumes Using 3D U-Net

Hirohisa Oda*!', Kanwal K. Bhatia*2, Holger R. Roth*3,
Masahiro Oda*3, Takayuki Kitasaka™*, Shingo Iwano™,
Hirotoshi Homma*, Hirotsugu Takabatake*’, Masaki Mori*®,
Hiroshi Natori*®, Julia A. Schnabel*2, Kensaku Mori*®-3

*1 Graduate School of Information Science, Nagoya University
*2 Division of Imaging Sciences and Biomedical Engineering, King’s College London
*3 Graduate School of Informatics, Nagoya University
*4 School of Information Science, Aichi Institute of Technology
*5 Nagoya University Graduate School of Medicine *6 Sapporo-Kosei General Hospital
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Abstract

We propose a novel mediastinal lymph node detection method from chest CT volumes, which is based on 3D
U-Net. Deep learning techniques has not yet become common for lymph node detection. This is because they
require much training dataset, nevertheless it is not so easy to correct much amount. 3D U-Net is a novel fully
convolutional network and works accurately with little amount of training dataset. We train 3D U-Net using
lymph node labels manually annotated and several anatomies automatically segmented, and utilize it for lymph
node detection. We also use the labels of anatomies for restricting the target region. By using 45 early-phase
contrast enhanced chest CT volumes, we performed FROC analysis of lymph node detection performance. Among
242 lymph nodes in the dataset, 92.6 % of lymph nodes were detected, while 10.6 false positives per case were

produced in average.

Keywords: Computer-Aided Detection (CADe), Fully convolutional network, Deep learning
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Automatic multi-organ segmentations on CT images and its

performance evaluations by using 3D-Deep CNNs

Xiangrong ZHOU™', Kazuma YAMADA", Hiroki ISAKARI", Xinin ZHOU", Takeshi HARA™', and Hiroshi
grong
FUJITA™

" Gifu University

"2 Nagoya Bunri University

The purpose of this work was to use a 3D-deep learning approach to address the issue of automatic multi-organ
segmentations on CT images that cover a wide range of human body. The proposed method was applied to a number
of CT scans and compared the performance with previous works. Our method learned models (image features and
classification rules) from CT images with indicated anatomical structures instead of wusing institutive
human-experience. Actually, we trained a 3D-deepCNN and used trained result to do a voxel-wised back- and
foreground classification for each organ-type. The proposed method was used to segment 17 types of organs on 240
CT scans. The results showed that our method had a better performance than previous works, and can be expected to

address the issue of automatic multi-organ segmentations on CT images.

Key words: Multi-organ segmentations, 3D-DeepCNN, CT images
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Torso organ segmentation in CT using

fine-tuned 3D fully convolutional networks
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Abstract

3D fully convolutional networks (FCN) allow dense predictions in volumetric images. FCNs avoid handcrafting
features or training organ-specific models, and features can be transferred across datasets. We trained a general model
on a large set of CT scans with the major organs labeled and then fine-tuned to different classification tasks. Separate
training, fine-tuning, and testing sets were used, including 331 CT scans with 7 abdominal labels for general training,
a smaller set of only 20 CT scans but with substantially more labels (20 in total) for fine-tuning, and a completely
unseen set of 10 torso CT scans for testing. We achieve state-of-the-art performance across these datasets, illustrating

the generalizability and robustness of our models.

Keywords : deep learning, multi organ segmentation, computed tomography, fully convolutional networks
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1. Introduction

Recent advances in 3D fully convolutional networks (FCN [1]) have made it feasible produce dense voxel-
wise predictions on full volumetric images. FCNs avoid the need for handcrafting features or the training
of organ-specific models. A second advantage is the ability of deep models to transfer learned features
across dataset domains [2].

2. Methods

To this end, we trained a general FCN model employing the 3D U-Net architecture [3] on a large dataset
of CT scans including some of major organ labels. This model can then be fine-tuned to other (smaller)
datasets aiming at more detailed classification tasks or different field of views. In this work, we utilize
separate training, fine-tuning, and testing datasets. The general training set consists of 331 clinical CT
images with seven abdominal structures (artery, vein, liver, spleen, stomach, gallbladder, and pancreas)
labeled. Our model and training approach are described in detail in [4]. Code and pre-trained model are
available for download at [5].

We then fine-tune on a smaller dataset consisting only of 20 contrast enhanced CT images from
the Visceral Challenge dataset [6], but with substantially more anatomical structures labeled in each image
(20 in total). This fine-tuning process across different datasets is illustrated in Fig. 1 with some ground
truth label examples used for training. In fine-tuning, we use a 10 times smaller learning rate. We
furthermore test our models on a completely unseen data collection of 10 torso CT images with 8 labels,
including organs that were not labelled in the original abdominal dataset, e.g. the kidneys and lungs. A
probabilistic output prediction from our model is shown in Fig. 2.

(a) (b)

Fig. 1: We fine-tune our model via transfer learning from 8 anatomical structures in the abdomen (a) to
20 anatomical structures in the whole torso (b). We show some typical ground truth labels that are used
for training on both datasets.
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Fig. 2 Automated probability map for left kidney after transfer learning.

2. Results & Discussion

In testing, we deploy our fine-tuned model using a tiling approach as in [3]. An automated segmentation
result on the unseen test dataset by our fine-tuned model is shown in Fig. 3. Our fine-tuned approach
provides a Dice score of right lung, left lung, liver, gall bladder, spleen, right kidney, left kidney, and
pancreas are 0.96, 0.97, 0.95, 0.77, 0.90, 0.90, 0.88, and 0.36, respectively (summarized in Table 1). The
relatively lower score for pancreas is due to several outlier cases on this dataset. These outliers are likely
caused by variations of contrast enhancement across the datasets and the higher variability of the pancreas’
shape and intensity profile compared to other organs across different patients.

Fig. 3 Multi-organ segmentation result. Each color represents an organ region on the unseen test set.
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Table 1 Dice scores for each segmented organ.

Case# Right lung Left Lung Liver Gall Bladder Spleen RightKidney Left Kidney Pancreas
1 0.97 0.97 0.95 0.71 0.87 0.91 0.90 0.05

2 0.93 0.95 0.94 0.62 0.93 0.88 0.78 0.66

3 0.93 0.94 0.95 0.81 0.92 0.93 0.90 0.07

4 0.98 0.98 0.94 0.74 0.95 0.94 0.92 0.56

5 0.97 0.97 0.91 0.77 0.90 0.75 0.80 0.26

6 0.98 0.98 0.96 0.80 0.90 0.94 0.92 0.54

7 0.97 0.97 0.96 0.83 0.94 0.95 0.94 0.24

8 0.97 0.97 0.95 0.83 0.94 0.91 0.89 0.52

9 0.98 0.98 0.97 0.75 0.75 0.94 0.91 0.01

10 0.97 0.97 0.96 0.77 0.93 0.90 0.90 0.39

Avg. 0.96 0.97 0.95 0.77 0.90 0.90 0.88 0.36
Std. Dev. 0.02 0.01 0.02 0.06 0.06 0.06 0.05 0.24
Min. 0.93 0.94 0.91 0.62 0.75 0.75 0.78 0.01
Max 0.98 0.98 0.97 0.83 0.95 0.95 0.94 0.66

3. Conclusion

Our approach and results illustrate the generalizability and robustness of our models across different

datasets. We have made our code and pre-trained models available for download at [5] in order to allow

further fine-tuning to different datasets. Fine-tuning can be useful when the amount of training examples
for some target organs are limited. In the future, prediction results from different models could be
combined in order to achieve the best overall performance.
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Basic Examination of Influence on Operability effected by Viewpoint
Change Considering Head Position in Virtual Operation using Oculus
Rift
Yoshiji NISHIDA™, Toshihiro SHINOHARA™, Noboru NAKASAKO™, Mituhiro OGURA™

*1 Kindai University
*2 Wakayama Medical University

For a diagnosis support of cerebrovascular diseases, we have developed a system in which a user can observe blood
vessels as if they exist in front by considering the head position of the user using a head-mounted display (HMD) and
operate the blood vessels virtually to eliminate blind spots due to overlapping of the blood vessels. The influence on
operability of a viewpoint change effect by using the HMD was examined using the system. However, time delay and
false detection of a marker for the marker recognition might affect the operability because the marker recognition was
performed using a cheap web camera and handmade markers. Therefore, in this study, the influence is re-examined by
improving the system using Oculus Rift which can fast and accurately estimate a head position. The influences on
operability of the viewpoint change effect by two kinds of the viewpoint changes, which are performed using Oculus
Rift and a computer mouse, are examined by measuring time to need for an easy task using this system for eight

males and females in their early twenties, comparing the results with ones in a previous study.

Key words: Vascular virtual movement, Computeraided diagnosis, Head position, Three-dimensional pointing device,

Mouse change
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Kinect-Based Gesture Recognition for

Touchless Visualization of Medical Images
Jia-Qing Liu', Ryoma Fujii', Tomoko Tateyama’,
Yutaro Iwamoto', Yen-Wei Chen'

Abstract

This paper proposes a novel touchless visualization system for Computer aided surgery, which can control
and manipulate computer anatomy model without contact through the use of Kinect-based gesture
recognition technology. Real-time visualization is important in surgery, particularly during procedures.
But traditional input devices are reliant physical contact, which are ill-suited for non-sterile condition.
The depth and skeleton information from Kinect are effectively utilized to produce markerless hand
extraction. Based on this representation, a Histogram of Oriented Gradients (HOG) feature extraction and
Principal Component Analysis(PCA), are used to recognize hand gestures. We develop a new system,
which can visualize 3D medical image with L form screen and 9 kinds of simple touchless single-handed
interactions. Experiments show that the proposed system is able to achieve high accuracy.

Keywords : Computer aided surgery(CAS), Kinect, HOG, PCA, Medical image visualization

1. Introduction

With the development of medical imaging technology such as MR and CT, higher resolution and 3D medical image
nowadays are become possible for assistance of diagnostics and surgery. Real-time imaging review is important in
radiology, particularly during procedures, but in traditional ways the surgeon usually needs to use some physical
contact devices such as mouse, keyboard or touch panel, which are ill-suited for non-sterile condition. So
development of a touchless visualization system is an issue for supporting surgery. In 2014, Microsoft released a
low-cost RGB-D camera, called Kinect. The Kinect brings a new generation of motion tracking with far greater
accuracy and response time which is considered as an ideal solution for touchless interactions. Several touch-less
interaction systems have been proposed for visualization of medical images in surgery operation room [1,3]. However,
these systems still have some limitations: need two hands for interaction [1]or can only visualize 2D medical images
[2]. In our previous work [4], we developed a touchless visualization system using Kinect for assisting hepatic surgery,
which can visualize 3D medical images with single-hand interactions. In this paper, we present an improved version
of our previous work. In our new version, a robust and accurate Kinect-based gesture recognition system has been

realized. We also performed a user study questionnaire to evaluate our system quantitatively.

*1 Graduate School of Information Science and Engineering, Ritsumeikan University [Shiga Japan)
e-mail: gr0302kv@ed.ritsumei.ac.jp

*2 Department of Information Systems and Management, Hiroshima Institute of Technology (Hiroshima Japan)
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2. Hand gesture recognition

Our proposed system is composed of two modules: visualization module and interaction module. In the
visualization module, based on Omega Space and Visualization Tool Kit(VTK ver.7.1.0) 3D surface rendering of the
anatomic models are used. In the interaction module, we designed 9 gestures to control the visualization mode. We
use Kinect to obtain single frame of depth image and recognize the gesture to control the visualization mode. Fig.1
summarized the major steps in the proposed system.

We utilize the depth information and skeleton tracking provided by Kinect to generate the depth image of hand. The
Histogram of Oriented Gradients [5] are extracted from the acquired depth image of the hand. These features will be
used then for gesture recognition. At first, edge gradients and orientations are calculated at each pixel in this hand
region. Then hand region is divided into small spatial areas called "cells". The size of the cell is 10 X 10. A block (3 X
3 cells) normalization is performed by moving one cell to the entire hand region.

In this paper, the training database, which contains 27000 images of depth hand gestures, is built by ourselves. The
total number of features become 5184 when the HOG features extracted from all locations on the gird. The features
are too large for real-time application. We utilize Principal Components Analysis to reduce the dimensionality of the
feature vectors. We sort eigenvalues in descending order to find the optimal subset. Since the cumulative Proportion
rate reaches 90% when adding the 142 eigenvalues, we compressed features to 142 dimensions. To classify the HOG
features after PCA, we trained a multi-class SVM classifier [6] using LIBSVM [7] . Since HOG features are high
dimensional, we used an RBF kernel to transform input data to the high dimensional feature space. We used tools of

LIBSVM to calculate the two parameters and set them manually which C is valued 1.0 and y is valued 0.03125.
3. Results and users evaluation

A test dataset is collected from 10 persons in advance, each person has 50 pieces of depth images of different hand
shapes. Table 1 shows unreal time recognition results and average accuracy rates.

After using our system, a total of 15 participants completed a subjective user satisfaction questionnaire as shown in
Table 2. It can be seen that most of operations are satisfying, but some operations such as switch display still need to
be improved.

Table.1 Unreal time recognition results

— Medical Image Visualization r Gestulje Recognition - Hand Hand Finger Finger Finger Finger Palm Palm
VTK or Omegaspace ,% open close Grase up down right left up down Average
Function | v Malel 1 098 094 098 1 0.9 ToeE 0sE  o0.97
rotaton || S || Adusting opscy | Detecting Hand Form Male2 09 074 068 0.9 1 094 084 092 08 086
Compressing Feature Male3 0.7 i 08 o052 088 08 068 078 09 080
3D Model — Maled 0.92 0.96 0.7 0.78 0.82 0.78 0.74 0.76 062 079
Surface Rendering
— Male5 098 09 078 1 1 oo 09 098 098 o095
--- Male6 09 086 1 1 1 086 09 076 09 091
Depth Information Femalel 088 084 098 088 084 092 07 076 068 083
m?d v i Female2 0.94 09 098 092 1 09 094 098 076 093
Medical Model Analysis [inect 2 | Female3 092 092 08 094 0% 05 078 032 0.74 076
Female4 09 09 1 1 1 09 o0ss 1 1 09
Average 091 091 095 08 08 082 08 087 089

Fig. 1. Diagram of our proposed system
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Table. 2 Questionnaire results

1] 2| 3 4 5|
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4. Conclusion

We develop a touchless visualization system for medical volume. By using our system, surgeons can operate and
check the information of patient body without touching devices. The system can visualize the liver and its vessel
structure together and the visualization is controlled by single-handed interactions.
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Improvement of shape reconstruction accuracy by optimal image

selection from intraperitoneal images

Toshiyuki SUZUKI*L, Toshiya NAKAGUCHI*?, Hideki HAYASHI*2 Afifi AHMED*®

*1 Graduate School of Engineering, Chiba University
*2 Center for Frontier Medical Engineering, Chiba University
*3 Faculty of Computers and Information, Menoufia University,

Menoufia, Egypt

Camera retractable trocar (CARET) has been proposed that can newly acquire intra-abdominal images of multiple viewpoints
while maintaining minimally invasive operation in laparoscopic surgery. In this study, we aim to reconstruct multi-view 3D shape of
intra-abdominal organ using CARET. As an initial experiment, shape reconstruction using Structure from Motion (SfM) from
intraperitoneal image resulted in a large error in the depth direction. In order to suppress this error, we proposed a method of
selecting an optimum image for shape reconstruction from consecutive image sequences. Quantitative indices for the selection
criterion were prepared from the angle between the optical axes of camera and re-projection error obtained by SfM between two
images. We selected images using these quantitative indices as the contribution to shape reconstruction. As a result of evaluating
shape reconstruction accuracy using multiple intraperitoneal image data sets, improvement in accuracy was confirmed in all data

sets.

Key words: Laparoscopic surgery, 3D reconstruction, camera pose estimation, image selection
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Improvement on Robustness of ORB-SLAM Based

Surgical Navigation System by Building Submap

Cheng WANG™, Masahiro ODA™, Yuichiro HAYASHI™,

Kazunari Misawa>, Kensaku MORI™

Abstract

This paper presents an improvement on the robustness of a SLAM-based endoscope tracking in surgical navigation
system (SNS) by using submap. Simultaneous localization and mapping (SLAM) is an approach to estimate the
trajectory and surroundings of the endoscope (called map) from video. As one application of the SLAM, ORB-SLAM
uses the ORB feature extracted from images to estimate the 3D map. To obtain a better map, the camera motion
model and the disparity between adjacent frames are checked. If the largest disparity value of two frames is lower
than a threshold value, map can’t be initialized, and then the previous frame is threw away. However, this may result
in less robustness in tracking of the SNS. We process threw frames to build submap by using structure from motion
(SfM). Then the submap is merged with the global map of ORB-SLAM. Ex-vivo evaluations showed the
performance of the submap-based SLAM is better than the conventional method.

Keywords : surgical navigation system, ORB-SLAM, submap

1. Introduction

In recent years, minimally invasive surgery (MIS) has become more popular due to its benefit to
patients. However, MIS has drawbacks such as MIS has performed under the limited view. Endoscopic
surgery navigation systems can make MIS processes safe and effective [1]. However, additional equipment
makes the endoscopic surgery navigation system complex. Therefore, visual information based
simultaneous localization and mapping (VSLAM) is necessary for endoscope tracking.

VSLAM can estimate the posture and 3D structure of the object (called map) from video sequences.
Filter-based SLAM (such as Kalman filter based SLAM) was first introduced into surgical navigation
system [2, 3]. In recent years, optimization-based SLAM, such as ORB feature based SLAM (ORB-SLAM)
is becoming popular [3, 4].

Feature-based SLAM system can become more robust if more effective feature points can be used for
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e-mail: chwang@ mori.m.is.nagoya-u.ac.jp

*2 Graduate School of Informatics, Nagoya University, Nagoya, Japan

*3 Aichi Cancer Center Hospital, Nagoya, Japan

129



tracking. For example, Mahmoud et al. extended the map density of the ORB-SLAM by enhancing a
cross-correction search with untracked feature points to ensure a robust surgical navigation system [3].

In this paper, we also focus on an ORB-SLAM-based surgical navigation. We expand the map of
ORB-SLAM by searching more map points. We call this expanded map as submap. This submap is used to

track the posture of laparoscope in surgical navigation.
2. Methodology

The submap is built from the laparoscope video using the following two stages: (a) estimate an initial
map using the map initialization procedure of the ORB-SLAM, and (b) expand the initial map by finding
more map points.

The first stage is the estimation of the initial map. Feature points in the adjacent frames are matched
using their descriptors. The matched feature points are checked by the motion model and the symmetric
transfer errors. If enough feature points in two adjacent frames that satisfy predefined conditions are
obtained, these feature points are used to build the initial map M [4]; otherwise, the two adjacent frames
are pushed into the queue Q. These conditions are checked again with the other frames until the initial map
was built.

The second stage is based on the initial map M and the candidate queue Q. We use these three steps to
expand the map: (1) match the corresponding feature points; (2) estimate the camera’s posture of the
frame in Q; and (3) create new map points.

Match the corresponding feature points: we select one frame F out of the queue Q. The feature points
in the F are compared with each map point in M using their descriptors. Two points were matched if the
hamming distance of their descriptors is over a threshold.

Estimate the camera posture: the camera posture of the frame F' is calculated using the matched point
pairs. The posture is set as the one which can minimize the projection error of the map points in the frame
F.

Create new map points: we match the feature points in the frame F with the other processed frame in
the Q. The matched feature points are triangulated and validated with a geometry restriction before adding
to the submap.

This three steps are looped until all images are processed in queue Q. After the submap had been
estimated, it is merged with the global map of ORB-SLAM based on the common map points. The merged

map is utilized for laparoscope tracking.
3. Experiments and Results

We recorded five ex-vivo videos by capturing the abdominal area of a human phantom with a
laparoscope. These videos lasted from 30s to 50s@29{ps and were used to estimate the submap. We used
the point cloud segmented from the CT scans of the human phantom as the ground truth. The screenshot
was shown in Fig. 1 (a).

1) Evaluation of reconstruction error

We evaluated the reconstruction error of the submap by computing the RMSE between the submap and
the ground truth. Feature points of operating bed and background were removed since they were not
belonging to the phantom surface. In our experiment, the RMSE between the submap and the ground truth

was as small as 3.470mm while the RMSE between the original map and the ground truth was 2.897mm.
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(a) A screenshot of the ground truth (b) Projected submap (at 45-th frame) (c) Projected original map (at 52-th frame)

Fig. 1 Phantom and the estimated map points

2) Validation of expanded view

The estimated submap contains areas overlapping with the original map of ORB-SLAM. We showed
overlapping parts by projecting both maps onto the used images. An example is given in Fig.1 (b) and (c).
In this case, ORB-SLAM initialized the map at the 52-th frame. We used our method to estimate the
submap from the 1st frame to the 51-th frame. The global map was projected onto the 52-th frame and the
submap was projected onto the 45-th frame. The overlapping parts are shown in the red rectangle.

Map initialization time varied due to the difference of illumination and camera motion. Therefore the
size of the submap is different. The number of map points in the submap increased approximately 100
points comparing with the map estimated by the ORB-SLAM (around 100 points). The extended submap

brought more map points to the surgical navigation system.
4. Discussion

Our results showed the estimated submap have more effective map points than the initial map created
by the ORB-SLAM. The map points contain in the submap can be a supplement to the current navigation
system. However, some feature points were used to estimate the map even though they are not belonging

to the abdominal area. If these feature points can be removed, the reprojection error will become smaller.
5. Conclusions

We presented a submap-based method to improve the robustness of the VSLAM-based surgical
navigation system. The tracking accuracy and reconstruction error are needed to be evaluated with in-vivo
videos. Other methods for laparoscope surgery guidance (such as image mosaicking) should be considered
using candidate frame before map initialization.
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Segmentation of surgical tools for laparoscopic images

using superpixels and convolutional neural networks

Yuta HIASA™!, Satoshi NAKATANI"!, Yoshito OTAKE", Hitoshi HARADA™, Shingo KANAJI",
Yoshihiro KAKEJI™, Yoshinobu SATO!

*1 Graduate School of Information Science, Nara Institute of Science and Technology, Nara, Japan

*2 Department of Surgery, Graduate School of Medicine, Kobe University, Kobe, Japan

Laparoscopic surgery requires a high level of expertise. Therefore, novice surgeons take time to master skills.
Technical education for surgery is based on sensory information, and quantitative and objective assessment is difficult.
We aim to assess the surgical skill by comparing quantitative metrics such as the tool tip trajectory.

In this paper, we propose and evaluate a method for segmentation of surgical tools using superpixels and convolutional

neural networks.

Key words: superpixels , laparoscopic images, convolutional neural networks, segmentation
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A preliminary Study on Organ Surface Reconstruction from

Stereo Laparoscopic Images Using Multiple Frames

Mutsumi SHIBATA*1, Yuichiro HAYASHI*2,
Masahiro ODA*2, Kazunari MISAWA*3, and Kensaku MORI*2, 4

*1 Graduate School of Information Science, Nagoya University,
*2 Graduate School of Informatics, Nagoya University,
*3 Aichi Cancer Center Hospital,

*4 Information Technology Center, Nagoya University

In this paper, we report a method of organ surface reconstruction from stereo laparoscopic images using multiple frames.
We have developed a shape reconstruction method using one pair of stereo laparoscopic images for laparoscopic surgery
navigation. Our goal is to perform an accurate CT-sensor coordinates registration using reconstructed organ surface for
laparoscopic surgery navigation. The previous method was able to reconstruct organ surface from in vivo stereo
laparoscopic images. However, reconstructed organ surface had several holes of the areas showny specular reflection,
shadow, and few textureless on the laparoscopic images. This paper proposes an organ surface reconstruction method
from stereo laparoscopic images using multiple frames to perform dense organ surface reconstruction. In the proposed
method, we estimate a camera pose change between two consecutive frames. The organ surface are reconstructed in
each frame. And we integrate the reconstructed point clouds from each frames using the estimated camera pose change.
We have tested our method using stereo laparoscopic images of a stomach phantom and achieved dense reconstruction

result of the organ surface.

Key words: laparoscopic image, stereo laparoscope, surface reconstruction
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An Enhanced Hybrid Tracking-Mosaicking Approach

for Surgical View Expansion

Chisato TAKADA™, Toshiyuki SUZUKI2, Afifi AHMED™, Toshiya NAKAGUCHI™

*1 School of Engineering, Chiba University
*2 Faculty of Engineering, Chiba University
*3 Faculty of Computers and Information, Menoufia University

*4 Center of Frontier Medical Engineering, Chiba University

The aim of this work is to overcome the narrow surgical field of view problem in minimally invasive surgery. We
achieve this by combining multiple views of the  camera-retractable trocar which can obtain surgical viewpoints
different from laparoscopic view. However, the accuracy and time are essential factors in this process. Therefore, we
tend to improve the accuracy of a hybrid tracking-mosaicking approach which can combine several views at high
speed. Two improvements are presented and analyzed here. The first improvement utilizes two sharping
methodologies to enhance the image quality. This enhancement, in turn, improves the interest point extraction process
and increases the number of extracted points. In the second enhancement, the tracking accuracy is improved by
applying a filtering methodology to select the set of valid flow vectors only. This process reduces the tracking error
which may accumulate during tracking. The experimental evaluation, shows that these improvements enhance the

final mosaicking accuracy and allows us to construct a more accurate expanded view.

Key words: Image-Guided Laparoscopic Surgery, Camera-retractable Trocar, Tracking and Mosaicking
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A study on lesion image synthesis

for metastatic liver cancer detection using artificial training images

Takaaki KONISHI ', Keisuke DOMAN"', Shigeru NAWANO ™, Yoshito MEKADA™

*1 Graduate School of Computer and Cognitive Sciences, Chukyo University

*2 International University of Health and Welfare Mita Hospital

The interpretation of liver cancer is visually performed by doctor, which takes much time. Although one of the
solutions is to detect the cancer lesion by using a machine learning technique, it requires a massive number of training
samples. We thus aim to develop a method to synthesize various artificial cancer images by overlaying real cancer
legion on CT images obtained from normal subjects. The method proposed in this paper is for lesion image synthesis
considering the size, the shape and the contrast of liver cancer lesion. The synthesized images are used together with
real images in order to construct an accurate cancer detector. We evaluated the proposed method through experiments,

and confirmed the effectiveness of the proposed method.

Key words: CT image, Deep Learning, Computer Aided Diagnosis, Generating Images

152



OP3-2

HABRAZEXRGE LT LW N AIKABER O1ERR &
FREH 2 4 < v 220y CAD B F1E O A B ERGEE

ZiE AR B SR kR

AR FRIS Ry

EE

CAD B2 1T DIERIER OREZ2H 5 Z & & BRI, IEDFTE L7 VBRI EREZE OJRZE 2 A 7.,
AIm fmﬁﬁ%wmféﬁbmﬁﬁﬁbhfw .:hi?%%%ﬁ,ﬂ@%@%ﬁh@@%%ﬁ%
W NTHERIEG OIERL & CAD BAFE~DHEMA 21T\, TOHAMMEZRLTE 7=, LvL, ZHE T 50%
PLEANTIER %2 CAD BHROFEET—% L L THWD &, KinT —Z1Zxt L COHBIMERER AR 721 THFE
L7ebDICHRTE TS >TCLE > TH- 72

AMFFECIE, A TIEGIHEE O 72 DMEAL~DIEH & N TIEFI O A TORMEREZ HIBISB R 2 B & L,

Brizlektg b L TN AAIKILICE B L TAEMERGEZ 1T o 72, AIRIRIE, v E CORIEECHLN ANE

LIFRE S FHER BRI D720, %t@ﬁﬁ%&%%%bt.:@%&KibﬁﬁLkAIE%%CN)

BAFIZ TR S, 1009% A THEBI T OEHIT X 2 BT B W TARY T CTH% Lo b o L RIMERE DR

RSB

X—U— R 51N A, NTARKEE, 287 —%, CAD B3

1. FL®HIC CAD Y AT LD IZBWNTIE, 7T
AR, BEREOBIE TIX CT X° MRI 72 B — X DARRNPFEVH, BBEE SN TEE[1].
PEE O EB I L Ak S5 EHE & O VAT LOFINEE R T2 0IZ1EZ < DORFIR
BORHEAKLTWAD. RE S DB OKEIE W2 5 LEMERH D, 7T A O
BE-ANOTVHERIZOB XY, Thvait &7 ST K VIERIEG O AF RN 72> T
E#é[%@éﬁ%éﬁbfwé D= AYSR

ZW OB 21T 5 a2 v B o — X g SR D Z ZCHUE, CT Mg~ E7 77 4 [
(Computer Aided Diagnosis/Detection : CAD) BIZBWT, BEFEOY T AT —H 5 Ol
DR PIFFICHER I TND. BOMDIAREITV, BBEOFET S CT H

B & N THNZAER T 283 Tl T 5
[2]. ZOWFgEE, FEREFE A< BT no0
RN NTIEBEOER T LA MSLL, K&,
B, 2 b7 A NEERLRNL, WEIZA
THE & & T 0 2 BB 2 AR D 2
LIZE 5T, CAD VAT LADBREIZBIT S Y
YINT =B EMTET A L2 AL LT
W5,

*1 AR TRR 5 L fE A HE - 1
T8

(T243-0292 JEAT F4KE 1030]
e-mail: abex0930@ele.kanagawa-it.ac.jp

*2 WU R

*3 BRI

*4 [E R EFRE AR T = HIR BT

153



KIBIIRR DS DDY T IVREZH 9 B
JeL LTEAL ORI L OMEDET LV E
B, 8T —42 L UTHIHAT 2 FIEBE] 72
ENH LN, RPIEFIANTHEESL DO TITZ
<, EEEZMOIATZ & THIBEIERT D
TFETH LD, BIbROFEICH LY FE
FUEWEBRZERT 2 Z LW HWRETHD.

FEARDOWFETIL, M TiEdH D b OO
WE D OAERRAIFRC X YRy — B AT
TN MET D FIEA R ERRESH
TBY, YUTNAREEM O FlEE LT—E
DOFHME 2 FF TV D, EHEGLHE B IC 0
THRBRICH TV REEH S FikE LT
CAD ¥ A7 LDOBFE~OFENIFTE
5.

RBE A OB IZB T, T
R DB FRIZAT i TR

THVETEREOIL, FERECIHL ARG
XU N TIEBIE R OERL & CAD BAFE~
DR 21TV 5], TOEMEEZRL TE .
L2vL, ZHE Tk 50%LL B A THER|Z CAD
B OFEET—2 L LCTHWD &, KT —
ZAZxF LT OHIBIEREN AW 7121 THE Lz

HDOILH_RTETFLH>TLE I TH o7,

KFmLTIL, FileZerdg s LTHBAAIK
fLicE B L, FREM 213 100% A TiE
Bz vz CAD B FIEZIRET S, AK
BIFE#BES E T/ L ARICRZ DD T
HY, WMEOFEE & LD L REED
HHERED ThDHE, MOIARITHT= Y EE
Wip L LR T LT DIREDOTRIE WA
EHLSWEREND 100% A TAEF] T H1E
kL RIEOBRIEREZ HIFFCTX 5.

FLDN A A PRAL D FERER I 0 A PRAE & B8 IA
FHNTIEGIEG 2 AER T 2. N TIE ] i o
TERZIZIEBZE JAMIT CAD =5 % k 2013[2]
TR THT Tz, Z OO G TN
Tholz. BbRAEMFIEL L TUIa 7L
T4 U TBIMFET DD, THUEDe D SERR
EOEWNS DO ThH DA, MEEHSE R CHiE{t
WHELAE T 5720, TZ CTEMBEELTL
EFHENED ol b —OOFELELT

ERT VTV T o T, 81 bDH. 2
NHZEREDE NS D THDLN, N—R LR
2 B OBEEEAE DR % 52T TIEPH 5 S
MENRET DR H -T2, EH OITHAN
NBSEA~OHEIEOBE N O O FiEERESE
TR 2 BRAFE - (E ] L 72 [B]1 A KA L D #E b iA
PTG Tz o TTHEE NS E 5 Z LI
K VEMED S DO TETH 28D
IANATIEERBE L. O NTIER %2 HWT
PR — X7 X~ (Support Vector
Machine : SVM) (2 X 2 f5%8 2 Rk, Bl
HAELERIT —ZIZX D3I L Y CAD
VAT LOFI A e T E T — A EREE
RREE, £ DOHENEZHERT S.
AL DRA > N L FIRT.
@O I AAIRAED N TIEF| OVERL
@ 100% A\ TIEFI DA% v 7= SVM Hitss:
Bz K DR O
AT, 2 5 -3 ECILMAAAK LT CAD
(2R D N TAEBIEIL ORET « FHl OSSR 277
T 4T TEE, 5 EICTRIFFEOE L Diz>
WTIRR%.
2. Fi&
21 ANTREIEB D IER
OICAKGRICTCTERICHN v 2777
S EIZ OV TE LITRT.
#1 HLE~VEST 7 4 g

. 2370 X 1770
B A X [pixel]

N THER] 6 JEbEsy, #9 | APRAL 120 fi
1 AERCH 400 5D &5 I | HH6OIA TR
T—X¥ v b | 1B 120 1
FRAE BlmAE L

KT — X 7= 4 9By | fJKAL 168 {5
F—H¥ v b | A

154

N LAE B EG O AT FEEEF] 2> & Fh HH 2 47
WHDIATeFIE L LT, BDIAT A IRIGIZE

FU & WAL 2 B T 21T 5 .

ZoHM

Pl oD SR B 2 SR IR FEE AR 2 R L7223 5

WU DYRIRZAT L,

&V B 72 A PRAL R D




HHE4T 9. ZhIC X Y ARIEORE S 72T T
72, TEHOBEMRE TRV IATLZ &L TAY
5 LWANTIEFIAER TE 5.

HDIARIINEIZ L B EITo T2, B
SOWMEDOTFIETHLRT VYTV T v
7Bl b IREt L7223, A IRALIEA NEIR O 723
A& Lz,

@ im0 A

(d) & pkiEifg
FIRALDERD IASHHEELX]

(c) HIARI
X 1

22 HBABREE CAD DIERR
221 A RAb A fE Ik O 5 HY
FIRACE ARSI O f HH [911E, FEARMIZIE—
WA 72 i b LB 24T 5 Z 2Tk, X
WOEEN B EIND 20, Zihd
DFESZ & DT LI L GEMER AR TE
. LinL, 7 It CIEFLRe & o
WEELHRESNTLE I 20, ERHSEE
FrEHWET v V0B E W TRRD N
NABFRORERTT 5.
2.2.2 SVM HRlER DIERK

HIRIET LIVSVM[10]1C ;6%W$@
DERFSINT-bOEMHT S, KR
L%“ﬁ,ﬁkﬁf&b%bﬁ@#“,%ﬁ
BEERFN, A X5, REDSHE, FFT
AR D L AR o A RME O JE IR SRS K OYE
WU —ofsFn, 8 FmOsrH, M ORK
FEo 9fEEEHMAL, 9 RTDORY hILZEH
WZCHZAT o 72, FEIZBWTIE TP 8K
ZIEY T, FP A AT L E LTH

,
\_

155

BE2ITo7-. TP f8IK, FP FIKOEFIX, &
SO HE LTER b BAEL 22 B %
HH U L7, SYUM OFFE T A —& &L L
Tlix, C-SVM 7 T 243 ¥id - POLY (%IHN)
I —x N EEH, CEBX N gamma X 0.1 &5%
E LTz

3. ALEMDEMNARRIE CAD ~DiEA
31 HAAARALOEROFAMR

LS A IRAE D N TIEGNIA D TDOFRAT
Hot=t=, VER L 7-Hi{4 5 5] & FIERF] 5 4
ZIREG LT L CHlifg o R & i SeE 2 4
& R BT 1 4 DFF 3 44 IZEEM & 52 ) 7.
FEARRE A& £ 2 12T

&2 RS OFFAmRE A

FIE 1 EETA | [ERB Hehil
1 80 100 100
2 60 80 100
3 20 80 0
4 80 40 20
5 80 40 60
64 68 56

) 53
ANTHEG] | ERIA | [ERIB Hehil
1 20 60 40
2 80 40 20
3 20 40 80
4 20 40 40
5 20 40 40
32 48 44

i 41

BB LA T Tz CAD 227 A
MZD o & ol TORSEEZFHA L. #
SRIEET, ERIXT DR OREE E A K
EALL7ZbDOTH D, BAIE 20 547, 0~100
MTORME & 72> TEY, 100 (ZITWVWIEESE
JEBITS LS 2o T L WO R TH 5. 3
flifERZ D RO T LESTEWVZD
R ThoT-. FHMEEOERE LTI, AKX
LD BEMEOFT R2NEE L TW 5, B0
EERNEG —D2THDLEVSTHDTHHT-.



BEMOR RORAE & I1F, HEAILC K& S
NFEAHSTND LW - BT RO AR,
HEICIR ST THFEET D &V 9 BT S
NABELLICH D E Vo T B H N T & Rk
STEWVWIFEHTH D, SO NTIEGOIE
BCIEm e o AKILO BEERIIHEVE
BT, HBIMERE & DSV A ER L
RTEHLbODOKEER LITERRHETHD
LWz b,
3.2 CAD ~ODi# k&

N TIEFI D I % AT S R L, F=IEG
DIz DT R R &2 R 3 1R T. ek,
B Es DR FE 21 TP 6, FP il & & 50

4> D El 100 1l 2 Hu 7=
#3 AR R R
- TP FP
CAD D& 1A [%] [1E/image]
EIEFI DI TD
e 91 0.30
NTIEBIDITD
. 93 0.28
— AT — i)
100
90
80
— 70
0
%60
'S 50
40
30
20
10
0

0 010203040506070809 1
FP[f&/image]

X2 M PESED FROC i
3L TPHRITE HIZONLLETHY,
FPIZ—MHBY7-0 0.3 LN & WO FER L 72
o 7o BUE DA PRALFE H CAD 12350 Tlid 90%
BRLORHER RO TH D720, HHIE

156

DOMERENEZWE Y RWFERTIEIH 525, A
TIER] 2 72 R T o T b FEREF] &
F%EORHNARETH D LW IHIFERBHE L
7-. BtEEED FROC BH#R A X 2 12”7,
FROC i & & M BI#R 2 3\ TR % O f
HMENE LN TWND Z ENHRTE D,

4, BER

3EDOKI LY, FIEHDAHD CAD & AT
JEBI DD CAD XIZIERZEDOMETH D Z
ERfERRTE S, E72[X 2 @ FORC #hfin o
& MHBIER AR EOMHMERE CTh D Z & 0vb
M5, BT RS TIEFIZE H S ¥
BIZRICB W THRBEO D TH Y, HHIERD
FET XKL TRRRENTh T2 8B
Zbhb. £72, BERSTELLODD
TN N TIEB OFERD BBl > 7=, T3
DIABLDEED DT Nl v Vig ENBR O
WICARERS G2 R EEBEZOND.

A T O TR RS RS RIS & g o 7o B
KX, AKALD N THREF OVER IR E A B D
BRI X 2 A RALOPEE OfFH 2 B iAde 2
EIRTELLZERBITONS. NLRAKRTH
LARITH D, HHICEME CHRET 20
AR THDIALDOEDO T v DAHEDIL 5D
EIRMA LI, THEOREEICESLED
DTHD.

31 fiOEMOOHERME BRSO LAY
% & RO P W15 AE A4 B Ol
ICHWEZH SR L b TR LY, fiRs
LCRIFRHRIFERI G ONTZEZEZOND.
LovL, BEGEFS20 TR <, ERT ORI
WA T ISR AR CE T, &6
RAMEKEDOR EOTFREELEZ BN,
StRIE, TR A B T R R R M A A AT
HIRER 2 AER L COMB AT O LENRH 5.

5. £F&&H

AFw UL, N LAEGI 5 0O Fr 7= 72 386 5 5 &
L TN A KL DO CAD ~D W %17
FTo, TEROITIEERE LD AN &1
H720 100% A TIEBI D A% #H LT CAD
BAFE 24T\, FHEFIOA THE L= CAD &
OMERELE 21T~ 7. Z DOFEFR N TIERF D

STz,



ZHAWTEEMO A L F%DOMEREE RO
CAD OBHFRMNARETH D Z L PR T 7=,

Lo L, A TR L7z N TR E % O
2% Bl D FTAM A ST T 20 JRZEE WD S
o T LELTmEWIFERTH-TZ. Bk
T L DA PRAG 23 BRI FLIZ AL & 0 2 EBAZIC &
DLV ARUFBEHRNEG —DTHDHED
FEfiN D 7=, —J5T, CAD it Tl EAf72
MR ThHoT-. ZhIT#E L= CAD X
2V ADIGIRSOBEE 72 & & B L TR ZAT
STWAHTED, fERE L THEMEENE -
EBZLND. SEIORBESE, EAICE
FET 2 BR O FEAMELAE & ERR O FHE 2
HoTeZ &t ThD. WMOHIARGIHIE~DF K
NDETHY, HEfeyeMEE VD L0 iTHE
RRICERTA2HOTH Y K CAD IZHW
HEWVWHBATIHMET RN E VI ERTH
Sl bEBEZOND. SHBITIANTIEF ORE &
CAD PEREDBRIZ O\ T, Bl &t S MFEA1T
IMEENRD D .

K COMEITIH ETHEIBFAZKL
CAD 7 /L3 ZAIZRELTZHDTH Y, il
® CAD MEIZB N THT L HARER L FE
DENERE LD & WS REEIZRV. £ 2
TAHH%ITRR -7 CAD 73U X L%
L, ARk AEkemttEiEE2 B ohs00E )
MEMRFTL TS BERND D.

FEBEROEE
FIZSHE 72 L

X R

INIFE ST, R, B, M =
RS RAE FEAE T A R T 4 > B2
SE(T VB o — X W SR E) B
WG & &, SRk 21 42 Bk 5 i 8 &5t
3, 2010

b3 == . % 5 [ JAMIT CAD =2/
T A bR A, JAMIT News Letter
No.16: 5-11, 2014

HANSE, MRS, IWARER 3
WICHEE - MEETLVET T L— b=

[1]

[2]

[3]

157

v F o 7 a T E X #j CT B o
DFEEIfER O m E R, Med Imag Tech
21(2) : 147-156, 2003

FHEEE : B4 585 D 12 3D 0 Az pR A 3 |
15 HALPE 2350 SCEE 46(SIG 15), © 35-42,
2005

LG, B, BRI, i
N TIEFIEB D CAD BIFE~DH ZhER
AIE & HBIAFEMEEE & L CTOIEH ORE,
Med Imag Tech 35(2) : 110-120, 2017

Perez, P, Gangnet, M. and Blake, A.:
Poisson Image Editing, Proc. SIGGRAPH’
03: 313-318, 2003

Thomas, P., Tom, D.: Compositing digital
images. ACM SIG-GRAPH Computer
Graphics 18: 253-259, 1984

R —R R O ABIZER 7 v 2
7, TEMAER TR SCEE 52(2): 901-909,
2011

H. Takeo, K. Shimura, T. Imamura, at el. :
Clustered

Microcalcifications on CR Mammogram,

IEICE TRANS. INF. & SYST., Vol.E88-D,

No.11, pp.2591-2601, 2005
[10]  LIBSVM --

Vector

(4]

(5]

(6]

(7]

(8]

(9]

Detection system of

A Library for Suppor
Machines :
http://www.csie.ntu.edu.tw/~cjlin/libsvm/




Making of new artificially calcified shadow for the breast cancer
and effective inspection of the CAD development technique

not to use a true case at all

Kazuya ABE™, Hideya TAKEO™, Yuuichi NAGAI™, Yoshifumi KUROKI™, Shigeru NAWANO™

*1 Kanagawa Institute of Technology
*2 Higashisaitama National Hospital
*3 Niimura Hospital

*4 International University of Health and Welfare, Mita Hospital

Aiming to compensate for the lack of case images in Computer-Aided Diagnosis (CAD) development, efforts have
been made to artificially create case images by embedding lesions (such as tumors) into lesion-free images. We
performed an application to making and the CAD development of the artificial case images for a liver tumor and
breast cancer masses and showed the effectiveness until now. However, the distinction performance for data unknown
than the thing which I learned only with a genuine article was a tendency inferior to slightly when I used an artificial
case as learning data of the CAD development more than 50%. In this study, we paid my attention to breast cancer
calcification as a new object and, for the purpose of application to further other parts of the artificial case image and
high-performance distinction device development only in an artificial case, inspected the effectiveness. This which
developed new making technique for calcification is because a characteristic is greatly different from the conventional
liver tumor and breast cancer mass shade. As a result of having used the artificial case that | made for CAD
development, the distinction device using the artificial case images was about the same as a distinction device using

the actual case images.

Key words: Breast cancer, artificially calcified shadow, machine learning, CAD development
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Preliminary Experiment for In Vivo Imaging of Mouse Brain
by Multi-pinhole Fluorescent X-Ray Computed Tomography
Using Physical Phantoms
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Kazuyuki HYODO™, Tsutomu ZENIYA™, Kim Jong-ki*?, Tetsuya YUASA™

*1 Graduate School of Science and Engineering, Yamagata University

*2 School of Medicine, Catholic University of Daegu

*3 Graduate School of Medicine, Nagoya University

*4 Institute of Materials Structure Science, High Energy Accelerator Research Organization

*5 Graduate School of Science and Technology, Hirosaki University

So far, we have developed a 3-D fluorescent x-ray computed tomography (3D-FXCT) based on a multi-pinhole effect
to delineate trace amount of imaging agents for in vivo imaging.  Particularly, in the case of brain imaging, the region
of interest is surrounded by skulls, which are X-ray high absorbers, then the number of photons detected is limited.
In order to investigate the influence of the skull, two types of physical phantoms were prepared: One was an acrylic
cylinder having three channels including different concentration of 27| solution with an Al thin shell covered, and the
other was a model simulating a mouse head, in which a container of *2’ 1 solution was enclosed inside an actual mouse
skull. The FXCT system was constructed at the beamline PFAR NE- 7A, KEK. As a result, the minimum detected
concentrations of 271 were 0.1 mg/ml and 0.2 mg/ml for an acrylic phantom and a mouse skull phantom, respectively.
Although it is still insufficient for the minimum detection concentration required for in vivo brain imaging, it was
shown that satisfactory 3-D reconstructed images can be obtained even for an object which is covered with a

superabsorbent.

Key words: Fluorescent x-ray computed tomography, multi-pinhole, small animal, in vivo brain imaging, non-radioactive
imaging agent, image reconstruction
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Comparison of Noise Power Spectra of Various Nonlinear

Filtered MR Images

Kento Aita™, Kota Miyamoto™, Ichinoseki Yuki*, Machida Yoshio™

*1 Tohoku University Graduate School of Medicine
*2 Sendai Medical Center
*3 Tohoku University Hospital

Nonlinear filters are often used to improve image quality of MR images. Therefore, it is important to evaluate the
influence of nonlinear filters on image quality, and we are trying to evaluate the characteristics of nonlinear filters such
as non-local means (NLM) filters and bilateral filters, using noise power spectra (NPS). However, noise reduction effects
showed complicated change depending on filter parameters, it was difficult to comprehend and compare the
characteristics of NPSs. In this study, we compared the NPSs of filtered images under the same noise reduction condition.
Results showed that the NPS reduction was suppressed in low frequency region in bilateral case, and suppressed in the

mid frequency region in NLM case.

Key words : MRI, NPS, Nonlinear filter
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Examination of Fully Sampled Central k-space and Vessel Shape
in Compressed Sensing MR Angiography

Using Numerical Phantom Model

Yosuke MIURA "2, Yoshio MACHIDA *!

*1 Health Sciences, Tohoku University Graduate School of Medicine

*2 National Hospital Organization Sendai Medical Center

In our previous study, we investigated the relation between the fully sampled central k-space area and the size of
objects in compressed sensing MR angiography (CS-MRA) using a numerical phantom model. We found that the
vessel profiles in CS images had asymmetric shapes. In this study, we investigated the variation of vessel shapes in CS
images when the FSA and the phantom size were varied. Results showed that the vessel shapes were more asymmetric

when the phantom size was small.

Key words: MR  angiography, Compressed sensing, Image quality evaluation
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Development of the Objective Quality Control Method for Breast

Ultrasound by Using the Small Phantom

Norimitsu SHINOHARA', Shino TANAKA', Naoki KAMIYA "

*1 Department of Radiological Technology, Gifu University of Medical Science

*2 School of Information Science and Technology, Aichi Prefectural University

We evaluated the quality control (QC) measures of ultrasonic equipment for breast cancer screening. JABTS are
improving their measures for daily testing. We developed an analysis tool for phantom imaging and measured the
differences in imaging in phantoms. The input image formats were DICOM and BITMAP file types. The analysis area
was cropped to 80% of the initial outline and only the upper half of the image. Two experiments were evaluated.
Experiment 1 analyzed the images of 40 phantoms. Experiment 2 sequenced a phantom continuously for 20 days and
measured the mean pixel value, standard deviation, and the variation index of each target. Experiment 1 clarified the
individual differences and the deviation of the measured values of the phantom. The individual differences of the 40
phantoms were negligible. Experiment 2 calculated the change in the ratio between the standard value and the daily
measured value. A relative value was used; the value became equivalent to the standard value as it approached 1.0.
High reproducibility was evident. Deviations in experiment 2 were smaller than those noted in experiment 1.This
study demonstrated the feasibility of daily testing for ultrasonic equipment for breast cancer screening.

Key words: Breast Ultrasound, Quality Control, Phantom
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Correlation in radiomic features between EPID and digitally

reconstructed radiography images

Mazen Soufi*12, Hidetaka Arimura*3, Taka-aki Hirose***
Yoshiyuki Umedu*#, Saiji Ohga*®, Hiroshi Honda*°, Tomonari Sasaki*®

Abstract

Radiomics is a promising field for prediction of treatment outcomes of cancer patients based on a large number of
radiomic features extracted from medical images. However, the feasibility of electronic portal imaging device (EPID)
images in radiomics has not been investigated yet. Our purpose was to assess the correlation between radiomic features
in 2D EPID and digitally reconstructed radiography (DRR) images derived from 3D CT images. The grayscale levels
were re-quantized into 64 levels. 47-dimensional feature vectors, which consisted of 14 statistical features and 33
texture features, were computed as radiomic features for 11 lung cancer patients. The radiomic features computed in
EPID images were weakly correlated with those in DRR images.

Keywords : Radiomic features, Pearson correlation coefficient, EPID, DRR

1. Introduction

Radiomics, an emerging research field, have recently shown feasibility of quantitative image features, i.e.
radiomic features, in prediction of cancer prognosis and treatment outcome [1]. The main function of the
radiomic features is to characterize the tumor heterogeneity [2], which is associated with poor prognosis in
cancer patients, by quantifying the spatial relationship between the image pixels/voxels [1].

In radiomic studies, the radiomic features were extracted from images acquired by various imaging
modalities, mainly diagnostic or radiation treatment planning computed tomography (CT). Radiomic features
in CT images have shown robustness against variability in tumor delineation and test-retest images [1].
However, a few studies have investigated the time-dependency of the radiomic features, i.e. the uncertainty in
the radiomic features against temporal variations in the image, such as tumor motion [3]. Furthermore, up to
our knowledge, no studies have investigated the time-dependency of the radiomic features in portal images.
Electronic portal imaging device (EPID) images are regularly acquired in radiation therapy along the treatment
course, thereby possibly creating a potential source for information in terms of the response to radiation
treatment.

*1 Graduate School of Medical Sciences, Kyushu University
[3-1-1, Maidashi, Higashi-ku, Fukuoka 812-8582, Japan]
Email: mazen_soofi@yahoo.com
"2 Research Fellow of the Japan Society for the Promotion of Science
3 Department of Health Sciences, Faculty of Medical Sciences, Kyushu University
"4 Kyushu University Hospital
S Department of Clinical Radiology, Graduate School of Medical Sciences, Kyushu University
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The purpose of this study was to assess the time-dependency in the radiomic features extracted from
EPID images (as dynamic images) through the investigation of their correlation with the features extracted
from digitally reconstructed radiography (DRR) images (as static images).

2. Materials and Methods

DRR and EPID images

This study was performed under a protocol approved by the Institutional Review Board of our university
hospital. DRR and EPID images of 11 patients with lung cancer, who received stereotactic body radiation
therapy (SBRT), were used. The EPID images (n=396 frames) were acquired by using an EPID (Portal Vision
aS-1000; Varian Medical Systems Inc., Palo Alto, USA) with 16-bit graylevels and a matrix size of 1024x768
pixels, pixel size of 0.39 mm and a frame rate of 2 frames/sec. The EPID images consisted of 27-45
frames/case. The DRR images (n=11) were reconstructed from planning CT images. A DRR image was
estimated by calculating the total energy released per unit mass (TERMA), and applying a dose calculation
algorithm for the planning CT image [4].

Radiomic features

Forty-seven radiomic features were calculated in the DRR and EPID images. The features consisted of 14
histogram-based features and 33 texture features, as shown in Table 1 [1]. The texture features consisted of
graylevel run-length matrix (GLRLM)-based features [5] and graylevel co-occurrence matrix (GLCM)-based
features [6].The graylevels of the DRR and EPID images were re-quantized into 64 levels by using a look-up
table for calculation of the radiomic features. The statistical features characterized the distribution of the
graylevels in the images, whereas the texture features characterized the relative relationship between the
graylevels in a pixel with its neighboring pixels. The radiomic features were normalized by using a Z-score
[7] normalization technique.

Evaluation of correlation between DRR and EPID radiomic features

The correlation between the DRR and EPID radiomic features was estimated by using Pearson correlation
coefficient (PCC). The features were concatenated into 47-dimensional feature vectors. Let fprr be the
feature vector of the DRR image, and let frp;p;, be the feature vector of the EPID image, where i indicates
the frame number and k indicates the patient number. The PCC was calculated as

PCCi‘k — (fDRR,k' fEPID,i,k) (1)

1 orrellllfzerm el

where (-,-) indicates the inner product operator and ||| indicates the L, norm. For assessing the time-
dependency, the average PCC (PCC) and standard deviation (o) were computed. The computations were
performed by using MATLAB R2016b (The Mathworks Inc., Natick, MA, USA).
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Table 1 Radiomic features used in this study with their types.

First-order statistics Graylevel run-length matrix | Graylevel co-occurrence matrix (GLCM)
(GLRLM)

Energy Short run emphasis Autocorrelation

Entropy Long run emphasis Contrast

Kurtosis Graylevel non-uniformity Correlation

Maximum Run length non-uniformity Cluster prominence

Mean Run percentage Cluster shade

Mean absolute difference Low graylevel run emphasis Dissimilarity

Median High graylevel run emphasis | Energy

Minimum Short run low graylevel | Entropy

Range emphasis Homogeneity

Root mean square Short run high graylevel | Maximum probability

Skewness emphasis Sum of squares variance

Standard deviation Long run low gray level | Sum average

Uniformity emphasis Sum variance

Variance Long run high graylevel | Sum entropy

emphasis Difference variance

Difference entropy
Information measure of correlation 1
Information measure of correlation 2
Inverse difference normalized
Inverse difference moment normalized

3. Results and Discussion

The average PCC obtained for the images of the 11 patients was 0.05+£0.47. The low average correlation values
approaching zero between the radiomic features vectors indicate a time-dependency in the radiomic features
in the EPID images.

Figure 1 shows the PCCs of cases Lung01, 04 and 08 which corresponded with PCC of -0.05+0.49,
-0.05+0.30 and 0.07+0.57, respectively. The figure demonstrates fluctuations in the PCC with respect to frame
number (time), which have led to the increase in the SD of PCCs. These fluctuations might be caused by the
tumor motion, however, further investigation about the relationship between the PCC and the tumor motion
shall be performed.

3. Conclusions

The radiomic features in EPID images were weakly correlated with those in DRR images, which indicated a
time-dependency in those features when computed in EPID images. Further investigation about the
relationship between the PCC and the tumor motion shall be performed.
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Recognition method of dentition for dental identification with

deep-learning on dental cone-beam CT

Shota KUTSUNA™, Chisako MURAMATSU™, Tatsuro HAYASHI™?, Xiangrong ZHOU™*3, Takeshi HARA™™3,
Akitoshi KATSUMATA™, Hiroshi FUJITA™"

*1 Department of Electrical, Electronic and Computer Engineering, Information Course, Gifu University
*2 Media Co., Ltd
*3 Department of Intelligent Image Information, Graduate School of Medicine, Gifu University

*4 Department of Oral Radiology, Asahi University School of Dentistry

In recent years, dental information is sometimes used for identification of corpses in a disaster such as earthquakes or
tsunami. Dental chart, a record of oral findings such as the state of the dentition, is used for dental identification.
Although general dentists naturally record it, there is a risk of mental burden due to inexperience in recording for
corpses. Also, it is necessary to record systematic antemortem data. Therefore, in this research, we aim to develop a
method of automatically acquiring information necessary for filing dental charts from dental radiographs taken before
and after death. First, we search the tooth areas on dental CT using DetectNet based on convolution neural network.
Tooth regions are extracted from the output heat map. Next, we classify the regions detected by DetectNet with the
classification network. We obtained a high detection rate of 95% in the initial investigation using a small number of

test cases. The result indicates a possibility that this method is useful for automatic recording of dental information.

Key words: dental CT, deep learning, dental identification
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Automatic collection of data for personal identification using

deep learning in dental panoramic X-ray images

Yudai YANASHITA™, Chisako MURAMATSU, Xiangrong Zhou "3, Wataru NISHIYAMA™,
Tatsuro Hayashi™®, Takeshi HARA™™3, Akitoshi KATSUMATA™ and Hiroshi FUJITA™™

*1 Department of Intelligence Science and Engineering, Graduate School of Nature Science and Technology,
Gifu University

*2 Department of Electrical, Electronic and Computer Engineering, Informatics Course, Faculty of Engineering,
Gifu University

*3 Department of Intelligent Image Information, Division of Regeneration and Advanced Medical Sciences,
Graduate of Medicine, Gifu University

*4 Department of Oral Radiology, School of Dentistry, Asahi University

*5 Media Co., Ltd, Tokyo, Japan

A large disaster could yield many deceased and missing persons, and the personal identification of the corpses would
be extremely difficult. Recently, the importance of personal identification using dental information has been
reaffirmed by the preservability of teeth and the ease of obtaining the lifetime information. However, the information
stored in each medical facility or dental clinic has not yet been standardized, and other problems exist such as the time
required for processing. The purpose of this research is to develop a system that automatically collects the
standardized data using dental panoramic X-ray images. In the proposed method, a tooth is detected from a dental
panoramic X-ray image and subsequently classified for its tooth type and tooth condition using a deep learning
technique. A hundred cases of dental panoramic images were used as training and test data, and tooth region images
extracted manually were used for classification experiments. As a result, classification succeeded with high accuracies
for both tooth types and tooth condition. In additions, in the tooth detection experiment, the regions necessary for the
classification were generally successfully detected. Therefore, the usefulness of the system and the possibility of the

automation were suggested.

Key words: Dental panoramic radiographs, Deep learning, personal identification, Computer-aided diagnosis.
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Nodular liver lesion detection with 3D-DCNN in

Gd-EOB enhanced magnetic resonance images

Tomomi TAKENAGA™!, Shouhei HANAOKA™ Mitsutaka NEMOTO™ Yukihiro NOMURA™,
Takahiro NAKEO™, Soichiro MIKI"!, Takeharu YOSHIKAWA™!, Naoto HAYASHI"!, Osamu ABE%*

*1 Department of Computational Diagnostic Radiology and Preventive Medicine,
The University of Tokyo Hospital
*2 Department of Radiology, The University of Tokyo Hospital
*3 Faculty of Biology-Oriented Science and Technology, Kindai University
*4 Radiology & Biomedical Engineering, Graduate School of Medicine, The University of Tokyo

Several studies reported that Gd-EOB-DTPA-enhanced MRI tends to show higher diagnostic accuracy compared to
other modalities. However, in diagnosis of nodular lesions of the liver, Gd-EOB-DTPA-enhanced MR generates a
huge number of images in five time phases. Radiologists may be exhausted from detecting and diagnosing nodular
lesions of the liver in Gd-EOB-DTPA-enhanced MR. Therefore, we have been developing a computer-assisted
diagnosis scheme for the detection of nodular liver lesions in Gd-EOB-DTPA-enhanced MRI. In this paper, we used 3-
dimensional-convolutional neural network technique to detect initial candidates. As an initial study, we extracted
image patches of size 31 X 31 X 31 from hepatocellular phase images. True positive fraction of the proposed

voxel-based classifier was 90% when the false positive fraction was 5%.

Key words: Computer-assisted detection, Gd-EOB-DTPA enhanced MRI, nodular liver lesion, 3D-DCNN
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Automatic Identification of Osteoporosis

from Phalanges CR Images Based on DCNN

Kazuhiro HATANO™, Seiichi MURAKAMI*2, Tomoki UEMURA™, Huimin LU™,
Joo Kooi TAN™, Hyoungseop Kim™, Takatoshi AOKI?

*1 Kyushu Institute of Technology

*2 Hospital of the University of Occupational and Environmental Health

Osteoporosis is known as a disease of bone. Visual screening using CR images is an effective method for osteoporosis,
however there are many similar diseases that exhibit state of low bone mass. In this paper, we propose an automatic
identification method of osteoporosis from phalanges CR images. As the proposed method, we implement a classifier
based on Deep Convolutional Neural Network (DCNN), and identify unknown CR images as normal or abnormal.
For training and evaluating of CNN, we use pseudo color images. In the experiment, we apply our proposal method to
101 cases and TPR of 75.5[%] and FPR of 13.9[%] were obtained.

Key words: CR Images, Osteoporosis, Deep Convolutional Neural network, CAD
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Object-position dependence of noise variance

in X-ray computed tomography images

Toshiki Nishio*!, Mitsuru Ikeda"', Yuuji Umeda™'
Chiyo Yamauchi-Kawaura™', Keisuke Fujii*!, Kuniharu Imai"'

“IDepartment of Radiological Sciences, Nagoya University Graduate School of Medicine

In X-ray computed tomography (CT), radiation exposure to specific regions has been reported to be reduced by
shifting the object’s center from the center of the X-ray tube rotation; however, the effects of this trail on image quality
remains unclear. So, when the noise in CT images is confined to the quantum noise, we have evaluated how the noise
variance (in “time average”) in region of interest (ROI) varies with the deviation of the object’s center from the CT
gantry center, by using an analytical equation which gives the expected value (in “ensemble average”) of noise
variance in ROI and a simulated CT scan system. Results of this study indicated that, in isotropic objects, the noise
variance did not generally depend on the direction of the deviations and showed a tendency of increasing as the
deviation distance from the center of the X-ray tube rotation increased. Further, in this study, the analytical equation

gave the almost same value as the mean of simulated noise variances.

Key words: Computed tomography, Noise, Image quality evaluation
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Comparison of model and human observer performance for
low-contrast detectability using iterative reconstruction computed

tomography images

Akira HASEGAWA™4, Yonbom LEE™, Katsuhiro ICHIKAWA™

*1 The School of Health Sciences, Faculty of Medicine, Niigata University
*2 Graduate School of Heath Sciences, Niigata University
*3 Institute of Medical, Pharmaceutical and Health Sciences, Kanazawa University

*4 Graduate School of Medical Science, Kanazawa University

We compared ROC curves by human observers and model observer to investigate whether the physical detectability
evaluation method by the model observer is effective as the evaluation of the low-contrast detectability of the CT
image by iterative reconstruction (IR). Observation samples were prepared from CT images obtained by blending IR
and filtered back projection (FBP) at the ratio of 0, 50, and 100%. The observer experiment by ROC analysis was
performed on 10 observers, and the area under the average ROC curve (AUC value) was obtained. On the other hand,
in the detection performance evaluation by the model observer, the detectability index was calculated from MTF and
NPS. From the detectability index, the AUC value in the ROC analysis of the model observer was calculated. As a
result, the results of the physical detection performance evaluation by the model observer and the visual evaluation
result using the ROC analysis by the human observer correlated very well. It is suggested that the physical
detectability evaluation method by the model observer is also effective in evaluating the low contrast detectability of

the CT image using the IR method.

Key words: computed tomography, iterative reconstruction, low-contrast detectability, receiver operating

characteristic, area under the curve
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Application of stored CT images

for the development of general radiography techniques

Reina TSURUOKA™, Junji SHIRAISHI™

*1 Graduate School of Health Sciences, Kumamoto University

*2 Faculty of Life Sciences, Kumamoto University

It is very important to develop a new imaging technique for improving reproductivity of patient positioning and
reducing patient dose due to retaking in general radiography. However, it is very difficult to do such researches without
having additional patient dose, and thus, the method for demonstrating a new idea and/or techniques in general
radiography are limited or restricted. In this study, we used a large amount of CT images obtained in routine clinical
procedure and have archived in medical institutions for developing a new radiological technique by reconstructing
human body data. We propose a method to utilize the simulated X-ray image created from the reconstructed data. In
addition, we applied this new method for optimizing exposure angle and beam center in 4 directions (4R) cervical
radiography by using reconstructed human body data of 30 head and neck CT examinations and their simulated X-ray
images. By using this proposed method, optimized exposure angles and beam center for 4R cervical radiography could
be demonstrated.

Key words: General radiography, 4 direction cervical radiography, automated general radiography
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Development of a prototype of improved helmet PET and healthy

volunteer study
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Chie SEKI"!, Makoto HIGUCHI", Taichi YAMASHITA™, Taiga YAMAYA™!
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We have proposed the helmet-type PET scanner, in which detectors are arranged in a hemispherical way, and we have
developed a helmet-chin PET prototype, in which an add-on detector is placed at chin position for improving the
sensitivity. However, the add-on detector at the chin position sometimes gave an oppressive feeling to patients, and it
took time for the setup. On the other hand, our previous simulation showed the same sensitivity improvement can be
achievable regardless of the position of the add-on detector. In this study, therefore, we developed a helmet-neck PET
prototype by remodeling the helmet-chin PET prototype so that the add-on detector is positioned at the neck. We
evaluated the sensitivity for the brain region by measuring a hemispherical pool phantom. The result showed that the
add-on detector at the neck position was more effective for improving the sensitivity than that at the chin position.
This was because, in the case of the neck position, the add-on detector could be positioned closer to the brain region,
while the add-on detector at the chin position required some margin from the chin for patient safety. The first clinical
study on a healthy volunteer with '®F-FDG using the helmet-neck prototype demonstrated that the clear structure of
the brain could be visualized. The helmet-neck PET has improved usability for clinical studies by reducing movable

parts and promising performance for high sensitivity brain imaging.

Key words: PET, Brain PET, Helmet-Chin PET, Helmet-Neck PET, FDG, Healthy Volunteer
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Development of a Collaborative and Mobile Platform for 3D

Medical Image Analysis
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Abstract

In recent years, the insight of human body can be imaged with higher resolution imaging scanners, and then allow
more detailed structure visualization for human’s internal organs. Analysis and visualization of 3D medical images
plays an important role in the field of computational anatomy, image-based diagnostics, image-based surgery
navigation and medical educations. Using mobile devices for medical visualization has become more common among
doctors. In this paper, we present a collaborative and mobile medical image analysis platform with plugin functions.
It can be operated by multiple users at different place. Each user can interactively access or visualize medical images
using his/her own iPad and all users can share the information at anytime and anywhere. It will be useful for remote
discussions and diagnosis, remote collaborative works and remote medical educations. The user not only can do some
basic interaction with the loaded image data on platform, but also can analyze the image, for example, segmentation
and registration by the extended plug-in functions like those in 3DSlicer.

Keywords : collaborative medical platform, visualization, image analysis, plug-in

1. Introduction

With the development of technologies and equipment in medical field, the medical imaging techniques, including
computed tomography (CT), magnetic resonance imaging (MRI), and ultrasound imaging, have made remarkable
progress. For example, multi-detector row CT scanners (MDCT) can acquire whole body CT images in about 20
seconds with approximately 0.5 mm resolution. The insight of human body can be imaged with such higher
resolution imaging scanners, and then allow more detailed structure visualization of human’s internal organs.
Visualization of the acquired 3D medical images plays an important role in the field of computational anatomy and
image-based diagnostics [1, 2], image-based surgery navigation [3, 4] and medical education [5]. And as the ongoing
progress of the mobile device in these years, it also has been applied in Medicine. For example, patients could be
aware of their diagnostic disease control and monitoring with comfortable mobile devices that accompany them
everywhere [6].

*1 Graduate School of Information Science and Engineering, Ritsumeikan University [1-1-1 Noji-higashi,
Kusatsu, Shiga 525-8577 Japan)
e-mail: gr0260kx@ed.ritsumei.ac.jp

*2 Northeastern University, China

*3 Department of Information Systems and Management, Hiroshima Institute of Technology, Hiroshima Japan
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2. System Design and Construction

There are two categories of implementations for reviewing medical images in the mobile devices: web-based
technologies [7] and mobile-based applications [8]. The platforms with web technology would be very convenient.
Everyone can access and browse medical images from anywhere at anytime, via different devices (stationary device,
movable device, handheld device), without installation and maintenance of additional client software. Unfortunately,
either the browsers or webview techniques in Android or iOS give a bad interaction experience, which is
inappropriate for reviewing complicated medical 2D or 3D images on mobile devices. Therefore, it is more popular
to achieve this with mobile applications especially using multi-touch functions.

The platform we designed is a client-server application. We mainly referred to the 3DSlicer when we designed the
functionality of the server with visualization and image analysis through the plug-ins. The platform allows
visualization, interaction, multi-player collaboration and discussion. In order to make the discussion more humane
and more convenient, each client-user can control the system via an iPad. And iPad control can even be achieved
simultaneously in different places, so users (doctors) can better discuss and analyze the feasibility of treatments. The
whole formwork is shown on the Fig.1.

Basic Function:

e o
[ [ [ [ [ [

Plugin Function:

Database(Medical image,
model, data)

Fig. 1 Formwork of the Platform.

2.1 The process of program start

After the program started, we create an interactor object. We trusteeship the capture of the event through it, and then
use mouse to achieve controlling the move of the model and zoom in or zoom out and so on. After confirming the
normal generation of the interactor, we set it to the interactor of renderWindow and replace the default behavior. And
compared with the previous version, our new user interface is more concise.

2.2 TCP and HTTP protocol

We use TCP and HTTP protocol for commands and file transfer, because it is easier to develop and really famous.
In the previous version, the server sends the medical image file to the client. However it takes times and sometimes
program would be crash. So in our new version, we replace it by sending the screenshot to client from sever and it is
faster and more efficient than before.

When using the system, Client sends commands and parameters to achieve command communication and
screenshots exchange with server.

2.3 Plugin Functionality

Before we design and implement the platform, we mainly refer to the 3DSlicer. In our platform, there are lots of
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basic features, such as loading image data, mark, edit, surface rendering and volume rendering. What's more, there
are also complex and advanced features, like segmentation and registration, which are implemented through the
plug-in function. The reason why we apply the plug-in to our platform is that it enables third-party developers to
create extra abilities for the application. Therefore, it's very easy to add new features for our platform. By separating
the implementation of advanced functions from the platform, it’s able to reduce the size of our platform.

3. Experiments

A lot of experiments have been conducted. First, medical images in five types of formats (*.dcm, *.mhd, *.vtk, *.stl
and *.tiff) are supported and can be loaded into the platform. Basic functions are realized, such as rotation, zooming
in/out, coordinate locating, browsing slices, marking and editing marks. What's more, through the use of 3D glasses
and projectors, we added a 3D watch function for the “vtk” data as shown in Fig.3. Second, we used two iPad to
control the system, as shown in Fig.4. In iPad controlling mode, the image that is being operated is shown both on
the sever side and on iPads. Same results can be achieved via multiple iPads control. Next, advanced functions were
also tested, for example, liver segmentation and head registration by developed plug-ins, as shown in Fig.5, 6. Finally,
another plug-in function, named as the gradient image filter, was developed and tested in the platform, Fig.7 shows
the result.

Fig.6 Synchronous Display of the Head Registration. From left to right: fixed image, moving image, result on server, and result on client.
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Fig.7 Synchronous Display of the Gradient Image Filter. From left to right: original image, result on server, and result on client.
4. Conclusions

We designed and developed a collaborative and mobile medical image analysis platform for support of multi-users
collaborative works. This platform is developed on Windows, and thus it can be easily deployed to a personal
computer. The platform has a lot of basic functions and advanced functions. Multi-player interaction is realized in the
platform. Using an iPad, each user can apply for the control and share the information with each other. Therefore, the
platform achieves the aims that discussion before surgery, comparing and sharing the information.
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Study on Automated Anatomical Labeling of Abdominal Arteries Using

Machine Learning with Branching Information on Hepatic Arteries

Yusuke TETSUMURA™, Xiaonan ZHANG™?, Holger ROTH™, Yuichiro HAYASHI™,
Masahiro ODA™, Kazunari MISAWA", Kensaku MORI™

*1 Graduate School of Informatics, Nagoya University
*2 Graduate School of Information Science, Nagoya University
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Abstract:

In this paper, we propose a method to improve the accuracy of automated anatomical labeling of abdominal arteries
utilizing the branching information of the hepatic arteries. It is very important to understand the blood vessel structure
of a patient accurately in surgery. Several blood vessel labeling methods using machine learning techniques have been
proposed. However, the automated labeling accuracies were low for cases having minor branching patterns in the
hepatic arteries since the number of such cases is not enough for training of machine learning. In this paper, we
classified cases into six groups based on the branching patterns of the hepatic arteries, and tried to improve the
accuracy of the automated labeling by introducing new feature values for more effective utilization of branching
information. In our experiments, the labeling accuracy of the left and right hepatic arteries was improved. The labeling

accuracy of the 22 abdominal arteries was 90.5% at the maximum.

Key words: blood vessel, CT volume, anatomical names recognition, blood vessel structures analysis
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Improvement of angiographic region enhancement based on robust

principal component analysis with prior information

Yuri KOKURA™, Takashi OHNISHI "2, Hideyuki KATO™, Yoshihiko OOKA™,
Tomoya SAKAI™, Hideaki HANEISHI™

*1 Graduate School of Engineering, Chiba University
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Digital subtraction angiography (DSA) is one of X-ray imaging methods and commonly conducted to clearly
visualize the vessels information during intervention with a catheter. In the JAMIT2016, we proposed a blood vessel
enhancement method with consecutive digital angiographic images acquired under the natural breathing. The method
consists of a robust principal component analysis (RPCA) and complementary processing. However, in the case of
containing the complex dynamic background, the enhancement of blood vessels is not successful. Therefore, we
integrate total variation(TV) regularization into the RPCA framework to solve this problem. TV on the foreground is
calculated and minimizing of the TV preserves the spatial continuity of blood vessels and removes noise from the
whole image. We applied the proposed method to three sets of angiographic images and evaluated the contrast of
blood vessels qualitatively and quantitatively. In all cases, artifacts were reduced and clearly enhanced whole blood

vessel images were generated.

Key words: Angiographic image, sparse model, image registration, X-ray image
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Three-dimensional visualization of myocardial blood flow distribution

from angiographic images of coronary artery
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In diagnosis of coronary artery disease, X-ray contrast inspection is usually performed. Coronary angiography is superior
in lesion diagnosis ability, because it can visualize vascular lumen shape clearly. On the other hand, it is difficult to
evaluate the degree of myocardial ischemia caused by coronary stenosis. Cardiac nuclear medicine inspection is a
powerful choice in the evaluation methods of myocardial ischemia. However, these evaluation methods are burdens to
patients. In this study, we visualized three-dimensional distribution of bloodstream imaging including perfusion area to
acquire the functional information from coronary angiography images. First of all, we performed the geometry
calibration of the image acquisition system with an angiographic device. We calculated geometry information of the two
rotation axes at the arm of the imaging device by capturing images of the known object from plural angles. We conducted
an image reconstruction experiment with clinical coronary angiographic images. Three-dimensional distribution of

perfusion along myocardial shape were confirmed from the experiment.

Key words: Image reconstruction, Myocardial blood flow distribution, C-arm X-ray imaging device
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Digital subtraction angiography for coronary artery using machine

learning

Megumi YAMAMOTO, Yasuhiko OKURA
Hiroshima International University

Digital subtraction angiography (DSA) is one of the technique to show clearly blood vessels. DSA
is frequently applied to vessels in head, abdomen and liver. However, it is difficult to use for
coronary artery, because heavy motion artifacts due to the heart beating and the breath of a patient deteriorated
vessel visibility in DSA images.

The purpose of this study is to develop new DSA technique especially for coronary artery angiography with
reduced motion artifacts and with enhancing small vessels, and to develop the processing algorithm that do not require
x-ray image without contrast agent. This study was approved by all relevant institutional review boards.

In this study, we used deep learning technique to produce “mask images”. The deep learning model is consisted
of three convolutional layers including 64x64 input units and 64x64 output units. We trained the model using a
leaning data set involving 21,025 contrast enhanced vessel image patches as input data and 21,025 plain
x-ray image patches as teaching data. The mask images for DSA were derived by inputting
anglograms to the model. DSA images were finally obtained by subtracting the mask images from
live images.

The experimental result demonstrated that coronary artery, carotid artery and vein were clearly visualized in DSA
images with extremely low level motion artifacts than conventional DSA. This method will be very helpful for the

diagnosis of coronary diseases.

Key words: DSA, angiography, neural network, artifact, coronary artery
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Verification of statistical image analysis method of torso FDG-PET

images based on normal model

Kenshiro TAKEDA™, Takeshi HARA™, Xiangrong ZHOU ™, Tetsuro KATAFUCHI™?,
Masaya KATO™, Satoshi ITO™, Keiichi ISHIHARA™, Shinichiro KUMITA™, Hiroshi FUJITA™

*1 Department of Intelligent Image Information, Graduate School of Medicine Gifu
University

*2 Faculty of Health Science, Gifu University of Medical Science

*3 Department of Radiology, Daiyukai General Hospital

*4 Department of Radiology, Nippon Medical School

The SUV of FDG-PET is used for evaluating regional activities of glucose metabolism in oncology. Radiologists
need to understand the SUV ranges or its typical normal/abnormal values. We have developed a new statistical image
analysis method based on normal data comparison for torso FDG-PET diagnosis. The purpose of this study was to
verify the usefulness of the method. The proposed method consisted of the following steps: (1) anatomical
standardization, (2) normal model construction, and (3) Z-score calculation. To validate the Z-score index, we
manually extracted 3603 normal and 1270 abnormal regions in liver, lung, and abdomen images. ROC analysis
method was applied to evaluate the discrimination performances of SUV and Z-score. The discrimination
performances of the SUV and Z-score for the liver, the lung, and abdomen ROIs were measured by the AUCs. As a
result of the ROC analysis and the statistical tests, all AUCs were over 0.98. When the ROIs in the four regions were
pooled, the AUCs of Z-score and SUV were 0.99 and 0.98, respectively, with statistically significant differences (p <
0.001). In conclusion, the statistical image analysis of torso FDG-PET images may provide a new index for the
accuracy of interpretation.

Key words: PET, SUV, statistical image analysis, Z-score
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Evaluation of Standardized Uptake Value and Total Lesion
Glycolysis in Determination of Therapeutic Effect of Malignant

Tumors Using 18 F-FDG PET / CT

Manami HAGA™, Kenshiro TAKEDA™?, Takeshi HARA™, Xiangrong ZHOU™,
Satoshi ITO™, Tetsuro KATAFUCHI™, Hiroshi FUJITA™

*1 Faculty of Electrical and Electronic Information Engineering, Gifu University
*2 Department of Intelligent Image Information, Graduate School of Medicine Gifu
University

*3 Department of Radiology, Daiyukai General Hospital

*4 Faculty of Health Science, Gifu University of Medical Science

In FDG-PET examination, SUVmax is often used for tumor evaluations. Total Lesion Glycolysis (TLG),
which is an index that reflects both the size and spread of the entire tumor, is sometimes used for predicting
the therapeutic effect of radiation therapy and chemotherapy. The purpose of this study is to develop an
automatic measurement method of TLG and comparison with SUVmax. TLG is obtained by Cut Off Level
(COL) based on SUVmax. As a result of our analyzes, TLG could properly express the change of the tumor,

even for tumors with small rate of change of SUVmax.

Key words:FDG PET, SUV, TLG
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Automated mTS score estimation of rheumatoid arthritis

in hand radiograph using SVR

Kento MORITA "2, Atsuki TASHITA™!, Manabu NII*!, Syoji KOBASHI *!

*1 Graduate School of Engineering, University of Hyogo
*2 JSPS Research Fellowship for Young Scientists (DC)

There are 700,000 of Rheumatoid Arthritis (RA) patients in Japan, and the number of patients is increased by 30,000
annually. Early treatment is effective to improve patient's prognosis. However, the appropriate treatment is required
according to the progress of Rheumatoid Arthritis. The modified Total Sharp (mTS) score evaluates the progression of

RA on the hand or foot X-ray. The mTS score evaluation is required several times a year for the effective treatment of

RA. The mTS score assessment needs very long time. The automatic mTS score calculation system is required. This

paper proposes the finger joint detection method and the mTS score calculation method using Support Vector

Machine. Experimental results on 45 RA patient’s X-ray images showed that the proposed method detects finger

joints with accuracy of 81.4 (%), and estimated the erosion and JSN score with accuracy of 50.9, 64.3 (%),

respectively.

Key words: Rheumatoid arthritis, X-ray image, modified Total Sharp Score, machine learning, Computer-aided

diagnosis
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Computer Aided Diagnosis for Osteoporosis

using Low-Dose Thoracic 3D CT Images

Daisuke Tsuji*? Mikio Matsuhiro*? Hidenobu Suzuki*? Yoshiki Kawata*?
Noboru Niki*®» Yasutaka Nakano*® Masahiko Kushumoto*®¥ Takaaki Tsuthida*®
Kenji Eguchi*® Masahiro Kaneko*?

1) Systems Innovation Engineering Graduate School of Advanced Technology and
Science The University of Tokushima
*2) Graduate School of Integrated Arts and Sciences, Tokushima university
*3Shiga University of Medical Science
4 National Cancer Hospital East
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*6)Faculty of medicine, Teikyo University
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The patients of osteoporosis comprised of about 13 million people in Japan and it is one of the
problems the aging society has. In order to prevent the osteoporosis, it is necessary to do early detection
and treatment. Multi-slice CT technology has been improving the three dimensional (3-D) image analysis
with higher body axis resolution and shorter scan time. The 3-D image analysis using multi-slice CT
images of thoracic vertebra can be used as a support to diagnose osteoporosis and at the same time can be
used for lung cancer diagnosis which may lead to early detection. We develop automatic extraction and
partitioning algorithm for spinal column by analyzing vertebral body structure, and the analysis algorithm
of the vertebral body using shape analysis and a bone density measurement for the diagnosis of
osteoporosis. An effective result was provided for the case including an insufficient complicated vertebral

body bone fracture by the conventional method.

Key words: CT, CAD(Computer aided diagnosis), Osteoporosis
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Evaluation of portal position based on visibility in hip arthroscope

simulator: Validation using 15 cases

Shinnosuke KAWAKAMI™, Norio FUKUDA™, Takashi NISHII™2, Yoshito OTAKE™
and Yoshinobu SATO™

*1 Nara Institute of science and technology

*2 Osaka General Medical Center.

Arthroscopic hip surgery with double-incision is mainly performed in invasive treatment for femoroacetabular
impingement (FAI) and acetabular labral tear. Prior studies by pioneer surgeons proposed portal positions defined by
the uniform distances relative to anatomical point landmarks, e.g. ASIS and GT. However, it is not always suitable due
to the anatomical variation among patients as well as various pathological variations. The solution we propose in this
paper is the arthroscope simulator to verify visualization of the inserted arthroscope. The novelty of this system is that
experimental validation using 3D surface models constructed from 15 CT data to investigate variation of the planning
among the patients using virtual arthroscope. In this report presents a simulator based on 3D surface model of the hip
joint obtained from 15 patient-specific CT data and virtual arthroscope model operable by haptic interface on screen
of 3D Slicer.

Key words: arthroscope, arthroscopic hip surgery, portal placement, FAI
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Image feature analysis of muscle atrophy diseases based on texture

features in upper and lower limbs using whole-body CT images

Erika ASANO™, Naoki KAMIYA™, Xiangrong ZHOU™, Megumi YAMADA™
Hiroki KATO™, Chisako MURAMATSU™ Takeshi HARA™, Toshiharu MIYOSHI™
Masayuki MATSUO™, Hiroshi FUJITA™

*1 Faculty of Engineering, Gifu University
*2 School of Information Science and Technology, Aichi Prefectural University
*3 Graduate School of Medicine, Gifu University
*4 Gifu University Hospital

The diseases with muscle wasting can be classified roughly as myogenic, neurogenic, or disuse.
In this research, we did texture analysis the eight regions of upper and lower limbs using
Whole-body CT images which recognized skeletal muscle. We considered the difference
between the diseases with muscle wasting to reveal the relationship between muscle atrophy and
disease from image feature quantities. We used 13 image feature quantities as texture features.
We combined the four angle and three distance parameters, ranges from 0 to 135 degrees by the
45 degrees and 1 to 3 pixels by a pixel so that we calculate image features using gray level
cooccurrence matrix. We examined the difference between image feature quantities using
Whole-body CT images of 36 cases and got 38 significant differences between Amyotrophic
Lateral Sclerosis (ALS) and other diseases with muscle wasting. The areas were the right upper
arm, right forearm, left forearm, left lower leg. Therefore, there is a possibility that we can
discovery characteristic image future quantities for ALS analyzing upper and lower limbs area.

Key words: Whole-body CT images, CAD, Muscle atrophy disease
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Automatic recognition of infraspinatus fossa

for infraspinatus muscle recognition in torso CT images

Tatsuya KATAFUCHI™, Naoki KAMIYA™, Xiangrong ZHOU™, Hiroki KATO™, Kagaku AZUMA™
Chisako MURAMATSU™, Takeshi HARA™, Toshiharu MIYOSHI™®, Masayuki MATSUO™®, Hiroshi FUJITA™

*1 Division of Regeneration and Advanced Medical Sciences, Graduate School of Medicine, Gifu University
*2 Department of Information Systems, Aichi Prefectural University
*3 Department of Radiology, Gifu University Hospital
*4 Department of Anatomy, University of Occupational and Environmental Health
*5 Radiology Service, Gifu University Hospital
*6 Department of Radiology, Graduate School of Medicine, Gifu University

There are various skeletal muscles in the scapular region, and multiple skeletal muscles attach to the scapula. So, it is
necessary to recognize the origin and insertion features as attachment positions of skeletal muscle on the scapula. We
have proposed methods to precisely recognize the scapula, and the supraspinatus muscle using anatomical features on
the scapula in the Society. In these reports, it was suggested that skeletal muscle recognition accuracy was improved
by applying precisely recognized skeleton and anatomical features to muscle model. In this study, we automatically
recognize the infraspinatus fossa as the origin feature of the infraspinatus muscle which is one of the large muscle.
This method recognizes infraspinatus fossa from shape and position features in the normalized scapula. As a result,
Infraspinatus fossa was recognized in 25 cases in all 26 cases. However, the problem remained in the inferior part of
the infraspinatus fossa in 1 case. In the future, we will construct the infraspinatus muscle model and automatically
recognize the infraspinatus muscle.

Key words: Infraspinatus fossa, Scapula, Anatomical feature, Torso CT image
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Image Registration of Spinal Region from Temporal CT Images Based

on Salient Region Feature

Suguru SATO"!, Tomoki UEMURA™!, Huimin LU, Joo Kooi TAN"' Hyoungseop Kim"!, Seiichi MURAKAMI™?,
Midori UENO™, Takashi TERASAWA ™2, Takatoshi AOKI™

*1 Kyusyu Institute of Technology

*2 University of Occupational and Environmental Health

In recent years, the development of computer-aided diagnosis (CAD) systems to support radiologist is attracting attention
in the medical field. Temporal subtraction technique, which is one of the CAD, is a technique to generate images
emphasizing temporal changes in lesion by performing a differential operation between current and previous image of
the same subject. In this paper, we propose an image processing method for image registration of current and previous
image of the spinal region, to generate temporal changes from CT images and enhance bone metastasis region. Our
image registration method is composed into three main steps: i) segmentation of the region of interest, ii) global image
matching to select pairs of previous and current image, and iii) final image matching based on salient region feature. We

performed our proposed method to synthesis and real CT images, and satisfactory registration result was obtained.

Key words: Bone Metastasis, Registration, Temporal Subtraction Technique, Salient Region Feature
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Framework of Vertebra Segmentation Using
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Preliminary study on segmentation of intervertebral disks in VF images

by use of SVM

Yuki SAITO™, Kojiro MEKATA™ "2, Hotaka TAKIZAWA™, Hiroyuki KUDO™

*1 Department of Computer Science, Graduate School of Systems and
Information Engineering, University of Tsukuba
*2 Department of Rehabilitation, Kobe Red Cross Hospital

*3 Faculty of Engineering, Information and Systems, University of Tsukuba

In this report, we propose a detection method of intervertebral disks in X-ray videofluorography (VF) images. First,
the lines of heads and shoulders are extracted by using random sample consensus. The regions surrounded by lines are
used as masks. The candidate pixels of intervertebral disks are detected by applying pixel-based SVM. The candidates

are deleted based on the axis of candidate regions. The candidates are verified by voting technique. We applied our

detection method to actual VF images.

Key words: VF image, intervertebral disc, swallowing, SVM, RANSAC
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Extraction of Low Intensity Region of Carotid Artery

Based on Control of Velocity Function Used in Level Set Method

Fumito NAKAGAWA™, Hidetomo SUZUKI™, Yoshikatsu OHTA"™
*1 Division of Information Engineering, Graduate School of Engineering, Mie University

Carotid artery stenosis has the danger of lowering blood flow to the brain and obstructing it. In current clinical
practice, examinations of the carotid artery are carried out with CTA or ceMRA. However, they require the
administration of contrast medium. Currently, TOF MRA is often used to examine the carotid artery. However, TOF
MRA has a problem of low intensity due to irregular blood flow around bifurcation. It makes difficult to detect
stenoses. Therefore, we propose a method to extract the carotid artery based on the control of the velocity function

used in level set method. We were able to improve about 3% compared with the conventional method.

Key words: Carotid artery, MRA image, Level set method
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A Study of an Analysis of MR Images Using Brain Local Features for

Alzheimer's Diseases
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It is known that brain tissues have age-related morphological changes through a set of statistical analysis using large-
scale brain MRI image databases. This fact allows us to estimate the age of a subject from brain MRI images by
evaluating brain morphological changes with healthy aging. The age estimated from morphological changes of a human
brain can be used for diagnostic support and early identification of brain disorders such as Alzheimer’s disease. This
paper proposes an analysis method using brain local features for Alzheimer’s diseases. Through a set of experiments
using T1-weighted images provided by Alzheimer’s Disease Neuroimaging Initiative (ADNI), we demonstrate that the

proposed method exhibits efficient performance on the analysis of Alzheimer’s diseases.

Key words: MRI, T1-weighted images, Alzheimer’s disease, machine learning, ADNI (maximum 5 words)
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Computer-Aided Diagnosis Using Genetic Type and Image Features:
Quantitative Assessment of Brain Atrophies Between Mild Cognitive

Impairment and Alzheimer’s Disease
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In the post-genome era, a novel research area called Radiogenomics is being formed for adding a new viewpoint of
genotype to researches on radiology medicine which have been focused on the analysis of imaging phenotype. The
purpose of this study is to analyze the relationship of APOE genes and brain morphological changes. First, SPM 12
was firstly employed for 3D anatomical standardization of the brain MR images. 30 normal images were used to
create a standard normal brain image. Z score maps were generated to identify the differences in individual abnormal
images and the standard normal brain. Our experimental results revealed that cerebral atrophies depending on
genotypes occur different locations, and morphological changes from mild cognitive impairment to Alzheimer's
disease are also different. By quantifying degree of atrophies of different anatomical locations related with genotypes,

next-generation-type CAD scheme for personalized medicine would be developed.

Key words: Alzheimer's disease, Radiogenomics, Computer-aided diagnosis
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31.FP-CIT can be used to visualize the distribution of the dopamine transporters (DATs) by SPECT images. Our
purpose is to develop the quantitative analysis system with high reproducibility for DAT imaging. Therefore, we add
anatomical information from MR images to SPECT images for improving reproducibility. In this approach, we used
the SPECT images taken from the SPECT/CT devices. The SPECT and MR images were performed the image fusion
by using image registration of CT and MR images. After the image fusion, the anatomical information of striatum was
extracted from the MR images. The extracted information of striatum was superimposed on the SPECT images. The
striatum was set as a region of interest (ROI) to measure the uptake of *?’I-FP-CIT. On the system, the each images of
before and after registration and the count of measurement are displayed. The 32 clinical c