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2. AIEMOEE (1) /8% — 25858

g - Wg o8y — e L L L2 AT I 2 =
T 4 OB RITED TFE L {, CVPRRICCV &\ » 72
by THhyT 7L ADBIIZ D24 TIREARIE L2V,
WIS T D UHBA LT 2 NEDFERITIEF IS
{, ERRERAFRETREICERRDOIH ~58% &
OTW5D, RPNy Fr—rDF 2L —2ar%&H
e Lz RLASY ~6 BSEINANCTHRE SR LS, &

RIS W Y v F T Yy T 5T L ON
HESAH LT TVWE I EE2WMMITRLTWS EF R X
9. ARETIE, Ny — EBBAMOMEHDOS B, 0
2ECTHEAENRELLMELZ=Z2D ¥ v 7 (Attention,
Graph Neural Network, Self-Supervised Learning) {2
WTHLY 1P 5.

2.1 Attention

Attention (AT 7 — % O CTHEMIRE o2 HEET 5
OB TH L. WEFHE~NOMAITHASHELA
(Natural Language Processing: NLP) 7#F T4:AT L T
LNTWAD8 5, it TIEMG - WAL TF OBRIE FE ~
BILKIBHENE X H 1oz, BB LRHEDO—DE L
T, BihHr=2—F % v M7 —72 (Convolutional Neural

Network: CNN) iR D) R —0) 738y Hhb.
$1 2.1¥ Squeeze-and-Excite? % Gather-Excite!® Tix, CNN
RO 3IRITT ~ VIV E 22 B LIET ¥ RV IS
WROENTHERGLEARL, TV T LR~ T
farzflAGELELEY 22— UNADLTHEONHS
TERHBEEIMT T2 HEPRES N TS, BAMWY
R CBAM2 Tit, F—EY 2 —VINTZM - F v F I
@ Attention 5L ICEE I N b & & BT, BAARMI % E
AT 5 ETHRERM LG OGN TS, —#&IZ, CNNIZE
FBEART 4 VT DZEEF (receptive field) (& AT
WBIZENESL, FRETA4NVFIIMLLTWES, ERED
Attention €Y 2 — Vi, 7T — % ORI LFEER 7 4 V¥
HWOMEAEMICHED ShHFBE LIRS 2T T —F0—
DTHY, HEDOCNNT7 —F 7 7 F ¥ IIESHIEANFET,

MOAUINT M TV a— Ve LTHREFENEZ &0
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WTHA., TTICINODEY 22—V FET AV TF—T 3
B EBEGEW, BREL ZIEL0ETLIFIERIA
JANEBASNTBEY, Mg LG IhTwn b,

F 72T, NLPHPCRE KT & L) T 5 Self-
Attention® % #H L 7-#51617 & Hi7.>. Self-Attention
&, EERESEICBITS A ABRET vy L LTRE
17 Non-Local Means D—JERETH 5 Z L 2R T i1 b
HY, BOBHEOLR CHETHE LTHRERBRE:.

2.2 Graph Neural Network

Graph Neural Network (GNN) 325 75— % x4 &
THWEEE LR, SR, 5, WERHOBEANLES, 7
T 7 el TF =y RBDPARTH B r— A3 — V7R
WIS AT B, RETRINSD Y A 7120
LGNNZ#EHL, =y FY—T Y FICETFIVEEET S
FHEDHLAONE L) o7z HlZIE, BEhO A
DEEZGET L5 A7 I L, FRHOT7 L —20 b
LTSN ANOMEiR%E /) — e 3T5757%MEL,
SRS T 2 S M 5, 79 7RG EEE L 2ER
# (Graph Convolution!?) % Fi\vs TEIESHE D 72 0 K8
A M T2 HESRESIN TV 520, fiicd, Bgh
DETV—ATHRILESNIWEE ) —NETEH7T 705
Graph Convolution TH#dIE 2479 2 & T, MYEHHER
V=V TR () = FeERT ATy YORH) Lo
7o 5 A 7K AR L i ST a2 HiE
BANE LTI A7 ~O#RH L% <, Bz, X2 Tk
MDY 7 X V57— a3 vIZk L Graph Convolution? 3
& U°Graph Pooling?0) 25 ST 5.,

Graph Convolution ® 7 VIV X A I3#E {IREENT
WBAH, Wi - WEE AT LT B8 — VRS A 71K
L Tix, GCN9 % Graph Attention?) & o 72 P % EH
FWHT 25— ZAHBIRZ ., SRS OTBRIEHPES T
Hb—0, 7T 7HEEIED EREFE T HMLL w5
7o, 7 I7BNETERAOMEERN LT LHMZ &
NCTwiwv., SRICHEEL72H7-2T7 7 —F8D, BX
DTS 7ERWZ D TEOEAIEDIE, L) HMR S
A7 TR R I FLEORIIO LA LR D 5.

2.3 Self-Supervised Learning

Self-Supervised Learning (3 ZkfifiZz L4~ (Unsupervised
Learning) D—FETH Y, FEWHEATFOIX M 2T
THEONHEIHEREHCTEFT NV Z BT 5 HEORE
Thb. TOL) HZFEOMEHMKIILFI 2 SFEL TV
7232 ~30) PEIEEEHEFNOEHIZ, NFTT T —
Va v ENT KRB REN T — 5 OMEPLETH L LW
I IREEANL K M E NS T EIHEVy, Self-Supervised
Learning &\ ) IMFRRASIT AR BT IRE L 7.

Self-Supervised Learning Do —o& LT, F—%
NAIZ (D, EEIRX b7 —12) @H L2l A kT
HESTHZETETNOFERZT) L) HHFETLNSL.
Bz X, 707 ACEBE S-S, ZoNiErHEET S
&9 CNNOHHIZFE 247 ) FEASRESINTE Y302, ¥
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AL 5T T NV E 7 — & TO¥EIZILHT 5 kg
PHEONDLZ LG SNGHFEIC k72, T, FL—2A
= VEBRLZEGE AL Lot iEET AL E
FNEFETLEV) T TU—F L HEELD, BERGIME%
ZERLTHBEITEIT) L) FHSINET NN, WKER
YA NEHEHTETH LI L2 RBT2HMELH 5.
X521, ANENMGEFHRPFEP L THL0ENE
ST DHEIFELEFVERNFEL, SVFE—F
WATENERR R LG O FWIFE L Vo Zey A7 M T 5
TFHEDREEINTWBH30~30, CNNOFHFIFE OMICD,
HATR=ZARLPATEZWET HET N2 Hhilie LFE T
HIERZHMELT, ESINZNT X —F 23 RITIHH
MOWBERTO—FEEHRL, il zoER2HEE
ML L CTHW S 380 39 IR E I Tw 5.

Z 5 D Self-Supervised Learning T w9 d e
WYy TN THY, IHEH TR b KRS (RS h
TWAEFZ LY. TR A7 ~OBEHELZ L
T, ZOHNERZGHIVIECRBMEINDEZLITRERD
LAz,

3. Al DE)E (2) GAN DR EhA]

Generative Adversarial Networks (GAN) 40 (35 4
WHEDSCARET NV TH LEBELETVO—FTH D,
FICHGAEROT R E L TR L TE . AETIE, GAN
DIERT —F 7 7 F v 2R L 714, ko 3E %@ ot
W8 0% e, @ FREHE O SR, @ WG4
PAADISH D 3 550 TR T 5.

3.1 GANO7—*%77F+

Goodfellow 5 1% 2014 4E D337 TGAN & 56K L 7-.
GAN® HELX, HAip) Dy TV a8 r—5 %
TS, pICHE) T—F 2 R T A AEWHGEFE TS
ETHE. pRPSF Y TNVENL[AY ] DF—% L CH
TER U7 [JEE] & 2 R 2k BIes DA EAL, GED &
O min-max 7 — A2 X D AERBFOFE = EI T 5 D8,
GANDHEARTA FTTHD., EEGOT—FT27F ¥
CNN % ##JH L7z Deep Convolutional GAN (DCGAN) 4V ®
BIGDRE, GANIC X 2 B{EAEROWM L AEILT 5.
1) T F VD GAN R DCGAN (& Hi— D437 p(x) 7> 5 g % £
WS B8, 7T —REMELREE LS SR
px|O)PHEIREAKT S L) FHESELFERESN
TW542)~45, {8317 Conditional GAN (cGAN) 42 {3,
A AR & RN IR O T RO EHRE V5. cGAN % 1
L% K OFFIIBUIM G- ENEBT— 5 2T 5
2%, InfoGAN® AR MR G(z; ¢) & B c DA G %
BT B LT, BEHEZODDOEHML L THEETH
EERWHEIZLTWA,

3.2 BMHHFEBOREL

GAN OB PREETH B Z & 1d GAN OZRIAH A & 1545
ENTELBETH 204040 3 4R, PLEHIIC SRR
A E DM R IR, RRRBYEESNTETWDL. &
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FEALDOTFENL, A OEBERELZEE T 53 001850,
W7z IERME 455D ~59), ZOfE 7V R iR#{bFED
LRREEDNDA.

F1) YV F IV D GAND TFT 9 min-max B bix, FEERIC
W — 5 LW T — ¥ O 454 O Jensen-Shannon (JS)
divergence Di/MbEFEITL TWB EALRE L. UKL,
JS divergence % &t —#% 1 7 divergence % & # L35 7 7
O —F %o 72ONLEGANY THh 5. f-divergence lZ ML f
WX D ETDHEERNETH 5 720 fORIUIE U THBUAE
9 505, FDOHTY Pearson 2-divergence ® X 1) v kIO
WTMao 5@ DL TWw5, —F, B RELSE, SO
AR EZEAT 57 7u0—FOREHD
Wasserstein GAN (WGAN) 39 T3 5. Arjovsky 54912 ]S
divergence DS Z 5K L, ZOo05ADBER—K L%
W EICAREIC L 2 FEBRET AL ER L. 2O
R 2 N 9 5 728, Arjovsky & 50 3o fi & 57— ¥
AR L —EE B N o Rk S LR E L,
Wasserstein 5l & % b 3% WGAN 22 & L 72. #1#io
WGAN LMK § 23 X HH 2R L TBY, &
IZHE ST 55253,

GANZ=E O IEHIMEIL, #A2F o Lipschitz &% flf 5 %
b DODRERTH 55053, 1T Spectral Normalization
(SN) 1%, HBEFEHOYBRE DI HBEEHEPAETH
D, NANR=NRFGRX—=FDFa2a—=V T bLELRVID
FHEEMMECIIZ 55, 72, Zhang 55 1, AWK
BSNZWEH TS ETHEBEAVPRENT LI EERLT.

Zofl, 8404y TN TIE%R I =Ny FHAL TG
%479 minibatch discrimination®)56), ks & @kpleR T
R B8P F %) TTURYD, KERI=Z Ny FEETIV
Tffio 722 R EHPREINT VS,

3.3 HEREGROSHEREL

A B R S RS FE NS 72 B 1 & GAN D228 33k Bl 23 12
FRlE 2y, #EPIWEICR L. L2 L, Progressive
GAN5®, B X O U#FH 512 X 5 Style-based GAN 9 [,
RO B 7B L, BEWICREEY LiF52 &
TIATEZ L VOEEEERT S LITHI L7, Style-
based GAN CIZAEW LD T —F 577 F ¥ 2 K& EHL,
JARARZ Mz EREDANETHDOTIERL,
AdaIN %360 % 4 L CHEREHOTREICIHAT 5. cGAN
DERGEEILE L TIE, BigGAN® P REEIN TS,
BigGAN 3% 2 ZEL S LMIEDE R E S 2 5. Hi
TN LD ED 3T iRkEMAGEDLES
Z & T, EHMEREE T ST & MR A & BRRE I 7 R
ALEATHFICEIIC L. SREEAOES L7260
FHEIZH, BAREEONY) T— 2 3 Y nie EERED
HY, FLOTATTHEROLN TV,

3.4 ERERLUSNNDICH

GAN DB ZIIC b7z 5. T 2 TlE, FfRZEH~6),
FEFBAIT R A A VG ~ 70 1H o TN 2 6l &
AT 5.

H{EZ RN DIRH TIE, ZIREiEOWIERT 2o TZ
HWrREHTLUERTEINRDST, FOL)BRXRTTF—2%
L CEBE AT L FED -~ RL b Tng. &
NOHOFFETIE, LR L FEBHE AR CTHITEDL 2 &
(Cycle Consistency) Zik 9 2 & TRT F—F R L TDH
BB L Tnb. TOEZHITEFERS, HFRYIEHR
FHO, WAREYRO 2 EEEEHIND ¥ X 712 H IR E
NWERD ZRE T 5,

GANIZ X A HEMATIX, EWT—7 DA 5 GAN %
FET L. oL E, HRFICES 25N T— 7 PEEFE
ADEFLETERTEL 00 ) PHETLHZ LT, B
WEMMTE S, AnoGAN™ 2 GANomaly™ 32D & 5
BT ATTICHEDSCIRERAMT VT) XL THS.

— BRI T, W T — 5 OGS RE L ERE
VR L, BHGEOREESHLZLNS. ORISR
THDNF AL VG (Domain Adaptation) TH V), %5
T — 5 ORI L EARE CORBE i & — RS
HMEE LTCEMMEENABD, 22T, AL Vikhgz
BALT, FFEmtes & ModmicysBE S e5 KA A Vs
DOFFEPRE I NS~ YRBA D RP~ 74 v 7 -
YAV T a IR TS, &ilt, FAA
VAT B BRI A R S, B D ORI
HARE N D 2 EAUREN D) 7 ERIFGAY 722 J2 b BBk
RV,

PR EREASELFHEOBRELERIC, [GANIIYH
Wb o] e w) £ A=V sho2oH 5. EHZ
BEFIZ AN 5B OMFRENN, IHER>EE S5,

4. ZHRAXT LT - Visual SLAM

407 —=32y M EICHDBL L OWEHNS, HDVITEE
BRI % 28 2 7By 5 5 SDWHOBREEe T %
FZERs, MERAIED SN TS, FIHIZZHNAT L
F (MVS: Multi-View Stereo) OHflA Tiam S b 2 &A%
%\, BEIHEETEMNO—>TH % Visual SLAM
(Simultaneous Localization and Mapping) 2SfCERTH 1,
Z O IARJFHIT SIM (Structure from Motion) TH 5.

MVS DO ZEBIN & LT, 727 AF ¥ L AHHBMOH
TAEEDIKT 2 T2 OO ORI DB, —DIF,
BATEAF U, &5 03 S22 BATEEL % R0 Wi R H
BiZBWT, v R— MEBE#EYICRETLIET, 77
AT X AHHRAAR L T2 HIBIANORITRME AT Z 2T
THAHO, HERI, HES N RFTHEECRITOFHL
AT S DL Do 72, DN ETIZBEAT AR D4R
WL 72 2 720, BIGHICH R— MMz E T 2 L8N H
%79, )T, BRATAHSIIC AL T S S A A
OMFINRET D Z L IFHEERETH L. Lk Tl
K& ZFHT 2R 2 FEPMRESINTBY, ToEx
HICHEDLMAEOEHO KR RTIDEEZONL, b
) —DDT I AF ¥ L ZAHBAORULENE, SES (Structure
from Shading) D TH 5. MVS, —fIZ Structure from

(95) 95




WU NG A 74 TAEHR2020 > U — X (37 1)

Stereold, 77 AF ¥ RIIROMIMC & Y HEEEZE LS A
FEIBICHELTBY, —HTSISIETFZ7AFY LA, Thbb
albedo — & THEZALAFERL 2 R SEBICEH L dw., 77
AT X TEMATEE I T, BATISINZ T albedo il b &
AMEETLUENDHY, ARFZEMEILRY) DL THL, 4
W%, albedo—E8V 82, &H 5\ iFalbedo —~ENDWV L DHD
FHIRA & 70 DA GUCERE LT, ML DR B 72 2512
MVS %@ L, HEEZELOMES 2 % SR x L C SIS % 8
S 5FENS CIREENT. D, albedoHSZERIAYIC
ZALT BRI LT, 727 AF v WO L VIR 5
TMVSIZ Lo THRATERREL72DL, 77 AF ¥ LA
WEWHEIBICSISZEM LT, BT 774 v A0 M %
179 FHEDREEINTE 08, ZhITx L, Xk T
WBATLE LY 2—=F 4 YV TDZDODF 2 —% —DDHf
MEOPICHAET 52 LT, WHEFFITTR, HEIC
AHICHERRT 2 FHEEREL TS, Y 2—T4 7
Fao— L TIE, MEMONEE LD DFWUET S
Z t Talbedo DG BN EAREIZL T 5. BAIZEL
YV TINWRFEERSTBY, 5HOME~D AL VI3
FAERCIE BN A, 7B, BROZLLENS, HEFE
WL HEDRESNTETBYS, 5HOHEL 5wk
L HFFC&E 5.

Visual SLAMEAMFICEALTIX, ThETH7 7 a—5o
L B ARREZNRE L TWZDOIIHL, Ihrbid
BN 2B, FICHBOBBMEIEEIND 75— A~NDOK
ISSETH . HERER TORERHA, ta—</
Ry MM Yy I7Tay, Mo Ry bR~y ¥
7, ARICHZ Y, ZET 7V r—2a P20 k)i
r—=ARIT A, FTDRDOFMAT—IiF, D uINA
b 7 Visual SLAM O %3, @ HEEB B D 55HE L B HF,
O BEEBBHWROEIRETT, 2EICHFHILENTES.
OTiF, FTHEGECTCOBEXOHEILEICRL. ZLT,
B R OBREML - T, B A SHEREZEETL LI
b, COHEOHFEEICL I FTSFRFESHFHSL W
5. BEEROBHRAPMATH Y 7= X—2{bsh T
I R 5, WREF VKD EFFIEDIR/ES
NTW58, X —KiciE, 7L —2HTo8aiEo
FIRAETTH Y, TER—FIMHED S OTRHEEDOTEHRO %
HAFREMOFY 0, WRALE B DOA—FED 72 &,
W OPDFEIAEHEN TS, 7T 470 —
N—Z2TOF) & 57HETEY, BEEEICL 55 b L8R
RENTWAEMWS, 3DFEICTOMEIL, # A T EHOHE
FEWZHIzoTORY T I THY, —hTETL—2%flio
72N FUVHEIIFE I A FORTHR LW, REOD
BOT7V—2%fl) kW, =71 —A%2Kl L CTFH
M BTEDPREINTVS. 2TH5IC2WThH, %EE
B LB HEDPREFENTWEDY, 3D I TIEITE
THLT, BITHEIEEICE LT oTwab. TS IEHD
DEBLYM R LFBIHTLIENTE, BHIEIHIRAT
THHR & BLATE A & MR LE B 2 AT - CEHIII{% & D 2% RS
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FTHEBIMTDONTNRE% . QLBIZOWTOFEMIZENET
505, FRICEE L %5 TL 28U1%, 3D & LTk i
CBWDOBEDETIVT 4 v T4 VT ThHDH. ARF—DOD
r—2ATh, ZOMOMPETIIHMEONIGMNIT & ZFNI

HOLEFNT A v T4 YT RBLLENDY, HFICHE
RIGIRD T 5 EEWRDAEAL T 2 ETIZIER 1T L v
MEE 5. —HBMIIEERDE, T%b5RANSACSH %
fii o THEF T RI D E TV % 2D T TV L HENER
HENZ9. Tk L, SCHEO TIEIERICERGE W
EARREIN T D, ROy F VT EET VT 4 v
T4 YT e —DOOFEREBICE LD TEREL, v v F T
ERITNAF)—EH, ETNEFETERTINVEYH, B
LFVETNNRT A= 2 —FITRET L HETHS. Ly
L, ZOF FTIINPWEEE % % 720, @Y 2 r MR Mb
FEDBREL T L. ZOFHIE, Visual SLAMPAHZ D
£ OROBEICHN TCEA2EZH2RELTBY, A
WIBHEER>TWD. B, F A FTWBIINA TIMU
(Inertial Measurement Unit : MEPEFHAIZERE) (2 X 0 FHll
BN - M2 A LT, Visual SLAM OFE % 5
¥ 5T (VISLAM: Visual Inertial SLAM) & 2 £f% &
NTwab., ZNHIE, NV FVIRESICESE Y (4
A7 & IMU) OLEHEE %47 ) I bR — 2 DFk &
NEBIRIE & 3 % & v S RO N IMUEHR Z HH 5
574NV R=ZADTFHFI2ITKII SN D,

Pk, REDLHETAT L 4B X Visual SLAMIZDO W
TOEMBAZEIE L7, OS5I IEBYEOWIFT
LHFEETWD I LR LML THE. ERPLOBMET IV
WO PR ERSFEIL 57— BN TENS
DL HRERTHERL TV D, FEFITHBRE .

5. RERSILOIRE/LEIA

5.1 PCCO#A

A#TIE, Point Cloud Coding & XX 5 BHEEEHROLT
FAbE A9 %. Point CloudiZ AR/VRICEIF STV T~
YRBEO—-DOELTHEABEINTEY, Zo/F5bhNok
HADHEATYS., %8B, Point Cloud HIEDIE AL D
HETHET .

MPEG-2%°> AVC, HEVCIZRER S 2 Bl g551t o
FEI A 4L 2 T L T\ %5 MPEG (Motion Picture Experts
Group) TlZ, 20174E5*5 Point Cloud Coding (PCC) ®O#iit
ZHEDTB Y, 20204FEHICHIEALASE T 3% 109100, BARLY
BHRTFT—=F L LTIE, ZHEAIRATRTT AN AT ED
SCREE SN Bz AT A% T —% £, LIDAR
T =4 DX D e KRBMLZEH OBz Wit T — 5 ST o b.
BB T 56 Ty ¥—) b, kil Al, L
CBEZZKFHELZVWYE (ETHALV A, BALVA)IZ
ST TR 25 L XME E T 5. Fi#E 1 Video-
based PCC (V-PCC), ## 13 Geometry-based PCC (G-PCC)
EIFEN TS, WIRLF ISR T—% 1k &, v, 2 R,
G, B), $abbirElEmRE B (BER) & %5. mkET—
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7 Ol L CIEMPEG & JPEG T#1i L CT\W5bPCCT—4%
N— 2R % B E 7211106 106),

5.2 V-PCC O&j[H]

HBETF— DTV T4 VAV MFDOL— A —AIZ
BWTIE, Fefbiced i) RENHEIND. 22T,
NEEZEROMY L PIICHhEL, 77 AF v 3y FL 7
TANRY FOREFICERT L. IOy F2 1RO
ST 7 AF Y WBE T T AWBITHA LT, @ OB
BB L > THRFIT S, 2D LHIT, EBIZ
7=y mENET AL, BIEGEF S RICEHET S
Z & H 5, Video-based PCC & FE L 5 107,

YT, BHRoOEZHE2RRSL, 7927 M2u&T
HALHRERE L, SIS L ST RS o b
MO T I AF ¥ LT TAEWMTE D, 72720, &S
WHEBENS X1, wTFholmrbdbt s v—T3 v
ELBEBAHFAELD) B, TDXD BHAITIE, A7V —
Va vl EEL L VNSRRI E LT, SIS
EIUIRW., —HT, »2H3BEEOFmIcHwIhs
BEDRHY, WEERA. 22T, LERMROFHTH
NOLERPUEEL 2 D,

FEBIERIE SN DD, 77 AF Y gL 77 AWE
Mo R RS 280, b bEGTHROATH 5.
e HEICIZHEHERSD Y, ZOTIECEEIET Y a—
FRENMAAT 5. 72721, BELIZB W T3S0
REHET 572012, FofbEBiromAilonTIikdEo
TFTAMNETFV (V7 v x7) 2t LT,
FROFFEIZEVEOSNIFF 5 LB 2 /AT 5.
1024 x 1024 x 1024 X 7 €V 30 fps DFEE % > AW 5Bt
OYtr, 17 L— 25721 #800,000 %A SR S, IFEE
MO T —7@mE LTIEA—%E L TIGhpsiZd b, 2
N2 L7 V-2 —=27ICX ) EMET 5L, 8MbpsilF
THEMSNS.

5.3 G-PCC D&)A
MEET =5 07 —h A THERLEEN D X T AHT O
L— AT —AIZBWTE, Fefbicedba)iREsize A
EHEINRW, F2T, HEOMEE (Geometry) % ik #)
WP 5AE L, RICZOHEEIZBIT 5B (Attribute) % 4F
b3 % 108),

T3, RO FLIZOWTIRRS, RN TR O M
BTSN S IR THERTILL, VRN OER
KRBT 5. 15O N EEOFSAL L 2 H 5.
Octree geometry coding T, Y. K% FRIZIGARTH
EL, /WNLHERNERD M OFH % 8bit DfF ik THBLT 5.
72720, MOBEBRGAOR ) B3P e nWEIL, O
EEHBEHTETEREATAZILDTE L. IS0 FiEE,
VRO YT XA M EEH L, BEMfFE5ick
Yy FA MY —AIZEH$ 5. Trisoupgeometry coding T
i, WRRMNERE T 2 HBEEZ =AYy Va2 0EFLE L
TEHL, ZOHNERELEMFEILT 5. 73 -5 T,
Ay Y albRs L VEBELLTEST A, St

3} Octree geometry coding @ A L A5 5 LA 5E T dH
b, Fl, QAL R - =27 HALVAOFEHRITT V a— 571
WNARAET 5.

K, BUEOHFFLICOVTHRRNS, HED S ENHE
L7-Za3MED Y, FHIE#EEREEH (Regional
Adaptive Hierarchical Transform: RAHT) & i [ 119 b g ¢
JeAE P28 (Predicting Transform), V)V 754 ¥ 744 &
il 1) R B T e ol 42 28 3 (Lifting Transform) Td 5.
RAHT El % O #F 1L W28 3 5 2840 & FikC, —#o
B % DC A& ACH A I3 % 109, Predicting
Transform (&, WG 2 HNzmlE%z, HORE D S M
PR EEANEE AL, HVALEE D Sl ARLEE D NIE
WCWEMZFSET 5. 22T, MirVREOEMEIH VR
FEDJEMED O E W) FUAEEZEAL, F
WESMEZ =2 Tb L <513 5. Lifting Transform i3,
Prediction Transform & PRIH &R L. VITT4 27
M OBAIZ LY, PMZEGEE —EH A& TSRIEICRE L
SHIHEINRE T LEMAGDLES.

54 T5LEBFWMRICONT

ARETIE, HREEROF 5L %E MPEGIZ BT % ERE
LB & LTHIA L7e. FRICV-PCCIE R WM % 92
B3 2—H7T, MAAOBEGEF 5L EZFHL TS/
B, ENANVERDO L) REBETHY TV A 2605 - #
BEASUIHECTdH 5. B 21X 20194 IBC (EIBE kb g) 7
ETTFENEREINTWE, B, EE(iZB)59E
(A1) BERIIERAFHE 2o T DA, —HOXH
BAREShTWA., F72, LELRV I M7 2T bHbET
KENTVS., LD EHBFIIINS ZHERI NIV,

6. EZaN=-XDRIFANEZLY LT

5 BB A B =2 AN TR 0 Sof 2 SR AT, HB)
TERFM OMIEHELAHEZ LBV THED SN TV,
HEHEMEZEEESILY AF208EHkE LTI, SAE
International ® J3016 110 (HAFEZZ D) 35 < FHwv 5
NTwh. SAEDEHRTIE, EiHE LY A7 21F, VA
T AHHH D BERLE 5 A 7 OREICL > TL XV 55
FCTHFENTEBY, bHETIEIHE M GHREE, HHEE),
HE5 I (GRAE) OBEMGER R Z 2 2 7 A5409 —F T, &
BEREOEHIZF S 4 ) SAEL NV, 2HY40E
EHEL Y AT L OERDHEADOH L. T2, BRITS
Wikl - o — K~y 77201912 T, EEREOEHDL V2
T AN S SAE L NVAMY OB O T2 TTREIC T 5
CEAHERICIET SN, A FEEICI o H b A
T A DIFFEEER I BEHCTEBEI N TV .

W EABLY A F 2 0ERIZE Y, FHigERORLEZ L
WAHY 12— YT T — 1D | X BASBEPFRIRA R 2 Wik
OREANCHFG T 5 2 EWfFIh v, @iz ALY A
T AT X B A m kAR IR R 2 MERE T A D ML L LT,
U 51X SAE L)V 1 O 5E #EAT - B R Bk A 2 8
(ACC: Adaptive Cruise Control) 3% #EL DAL L H A

(97) 97




WU NG A 74 TAEHR2020 > U — X (37 1)

AR E FIA Y7y Ialb—% (DS) EICHHL,
IRAEIHRDIEMT 5 2 212X D AU S REIR O bz 5
fili L7215, Zo#E5, SAE L~V 1M Y4 5l o R 78 3
R b L, #Hilingo B HE ) EEEHEORM X,
B IZIHED W OEREDFE S N, ZCEIRERAE
HAHZEEREL TN,

—7, EHEHBLY AT LA OFEFEBETIE, K EETE
T D [F] 388 %> 1 B X ] C O ) BT & o iff A IR L2 sl ik [ )
ALY AT ZHH EAT 2 1R U, F8iE s C 5 2 %
AT B EHELW LR )DDoH 5116, SAE L
ANV 3L E ol HBL Y A 7 A ERZHREE Lo T
B o710, ELIEEO AT EOLEEM T4 K4
YL, e oEEEHBMEY 27 A OB X OH &I
U 725847 % E14H3% (ODD: Operational Design Domain) %
el L COEITREECEM Hki 2 Ml L, ODD O#ip % 4}
N EITE R I A NICEBHEROZE LTI Z EDED
LR Twap U, bbb, SIEHELY A7 ALK ) H
MRS, SMR S K4 N0F, EFEh-mizE
BRI O BEALUCHR D WU, B B & s o ki 25 R 2 51 ©
Y AT AICHATEZENFSN TS, LeLids
5, BHHBLY AT AN NI A NORRERZFLT S
e, HEMLIC X 2872 Fi) A7 BERT 2BE0Y
s hTwa ),
DEoBFob &, ALY X7 20T O FJ 4
NAS, BEEMERRO G Z 2T OB IREICH 2 R T 5
72ODRKTANEZY Y ¥ 7 EMOWIERFE A AT D
NTWa., kI, EWRAEHRU 2, 277 ¥ 712
L 72 DERFH - 120 AR DR & > 12D 7
EEHWT, FIANORKRLEAEIIRE LML XD
ETHMYMADN L RENTE, —T, TERFEY 3
YR—=ADKITANEZS Y T HAM OB DA
A=A B FILZEAIATDNLTWS 122123, ZhHE YV g
VR=ADRFGANEZS YV TEME, BT A NDHAL
W24 72 0 o BIIREE R4 (PERCLOS) %Wk H %7z &1
HHLCHEBREOH#EZHAADLLDTHSH. 72, CNN
¢ Recurrent Neural Network (RNN) # B3 % 2 & T,
BT A NORRIRGEHZ ) Th  BERB X 1T 2 KB
BEREHBL, FIANINEERICEP L w2 REL R
PEHETDZFEHR/EIN TS 120,
FIANE=ZZ )V 7EfN, EizEHEMEY 27 A0
ORI AVREEZFHNS 2 &2 TR, EFEAEW
MEE ) 22H D NI A4 NOREEIREREI NS S
O TIBH, ZBHEEEHOPTRS 2 05 FT 4
NORZENEBIVIZ L DHRORA LR ES TS E R
FBIICHPTRETH ), ST EIomENGFES N
LB THHEEZZLND.

7. 51770 F=42Y) 5

B, B, FPUALEIEZLOETIHELS v T75DEL
EEERFERERICERShTHS., ZoBIcfibh:

98 (98)

a v 7)) — s oS R & DRk L WEREE T Tl 50 4E
R, WM R WRATFTH 1004FERE L SbhiTnb 129,
20124E1THE & o 7248 T b ¥ AV O RIAE T FHIUIAE S A
Y7 IIMFRE O EEMSRRENDLKRELEZEELRY,
2014 FEICE EZGEE T b Y AV REOF B IC5FICTE
O pik [ E M R VT B 2 & 2B 2.
20194F 1213 o [ 8 Wl M 240 | SR S, B REEIC
Lo TRERERAEE o TV A EEAR] 2F%0%)
RE2HFOWOFETITH) 2 2B T E D EHER

FR—Y R0 A5 THREIE L, BGHENT
Hefi &2 FH L CHRa 3 b3 5 2 &, B L sl i
OMENRE T o TETVE. £ V75 OMFEHIRED
MR E VO HEANLERYH LT, Ferey st
LTHEHSINTW S, 20304F121E 7 A T - B{RIFHT D A
TH400EMEZ MR 2B L 725 L PRI 120120
COEIEEL R FO— VO, SHIICEEY -
A EDEHRRELIEDN > T EFREND.

COLXD BIENOPT, FEBIIA 7 T2 RAE LETT
BEKRE D BN, SEIRFELBEEL 2S5 8FTE
IR ZEDTVD. I ARFERD AT 4 7 LFMIER
TITbN 3 HZ TLNICIRIED Ny 7 2N T 5.
201942 H OBFFE S BTl 20 045 ) il & 920 L
72. NEXCO®HADSIFSMH (A~ — b X ¥ FF ¥ ANA
TxA) 7Y s PO HADEANENIZIB . D
SMH7u Y =7 MISHEERO [ rikk - A&, [0¥0 - 5F
fifil, MAEETEISRE], [Hils - Bl Lol v 7+ v A
FA 7 WIK LICT Bl OBARLHWALEZ17) 2L TR
WM 8L~ 7 7 ORE - BLERLTNI ) LT 5
MYHMATH 5. BEGEEHIC L D HBIEEORRE, F
0 — ¥ 7% EOMARITRIC X B EEHRE R & AT 1 7 L
& B DA EA D BEBAICFIH L T Rl & 225 Tw
L. B A MOh oI EARREED ORSE, FRZh RO
MEFFE IS B 2 7 — Z i H OB flA DT S 72129,
HEA P IIZBWT D 40EDL R L 72 E W A765% % il
ZEDEFALHEL T, MAEORYF L Hifs - RAeEFTm
DORBLDZOWPKELHEE > T0DH, RFHEZH
Wb Y AOVEE OWHE % RS, EMLTWD05, ZTIHh
5 H BN ZHE BRI 2 BB S o W AT, £ 72
CORERLITERAER L ORE, BHERToOZEIRETT
SAT DML, SHTEEMAGDE S I L THRNFEROBE
TEOIRELRRL 2 LDHARER TS, 58, E£B
DEBAZRHDLEDZ L THo T,

4075 %0A, EHT 2 BIBERR A EAERIFNT S D
Hiffr &2 #at, AT 51285725 Tld, Deep Learning (&
) OB O FRHT BN R F1 L & FEORF e & i
NEEL R 5TL D, AT4 T LHNRZITBWTD, 4
Y7 IR, BHTLIMNELRFOEBICL D ITbNR:
WEEDPLEIERENTWD., ghESE» L5 S5 —
& bV AROVBETI QWS 5 O PEINRIAK L VWo 7z
2R AR AET T % R R 8 Bt & B TR 3 2 IFZE 1300 18D %2

M&IEER X T 1 7F 55 Vol. 74, No. 1 (2020)




A5 4 T T2EOBZEER

BHEEPOREENF— 7 ZHCTRESREOHILL
NV EFEBEBHAMN 2 CHET L5182 2 26l L
LCEIFLZENTE S,

4275 OREFFEBICBLCRMEIAMID L Y VR Y
I, BEEE Y, B, m#EEE YR E, E0F)
GBI L TR EFESER YV VI REPLEL LS.
FRL72E) A V7T RAEHMT Z20ELRFRED
WFeke I 0 E#E 2N 2, Bt v ¥ v 708 L ok, @
A THL DLW ENS. (20194 11 F 25 H %)

(32 #t)
https://github.com/hoya012/cvpr-2019-paper-statistics (20194F 10 H
10 HZH)
https://github.com/hoya012/iccv-2019-paper-statistics (20194E 10 H
10 H&H)
http://xpaperchallenge.org/cv/ (20194£10 H 10 H £1g)
https://www.groundai.com/ (20194F 10 H 10 H M)

5) https://paperswithcode.com/ (20194E10 H 10 H &)

6) https://sotabench.com/ (20194E10 H 10 H &)

7) D. Bahdanau, K. Cho and Y. Bengio: "Neural Machine Translation by
Jointly Learning to Align and Translate", in ICLR (2015)

8) A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A.N.

Gomez, L. Kaiser and I Polosukhin: "Attention is All You Need", in

NIPS (2017)

J. Hu, L. Shen and G. Sun: "Squeeze-and-Excitation Networks", in

CVPR (2018)

10)]. Hu, L. Shen, S. Albanie, G. Sun and A. Vedaldi: "Gather-Excite:
Exploiting Feature Context in Convolutional Neural Networks", in
NeurIPS (2018)

11)]. Park, S. Woo, J.-Y. Lee and LS. Kweon: "BAM: Bottleneck
Attention Module", in BMVC (2018)

12)S. Woo, J. Park, J-Y. Lee and LS. Kweon: "CBAM: Convolutional
Block Attention Module", in ECCV (2018)

13)H. Zhang, K. Dana, J. Shi, Z. Zhang, X. Wang, A. Tyagi and A.
Agrawal: "Context Encoding for Semantic Segmentation”, in CVPR
(2018)

14)Y. Zhang, K. Li, K. Li, L. Wang, B. Zhong and Y. Fu: "Image Super-
Resolution using Very Deep Residual Channel Attention Networks",
in ECCV (2018)

15)W. Li, X. Zhu and S. Gong: "Harmonious Attention Network for
Person Re-Identification", in CVPR (2018)

16)1. Bello, B. Zoph, A. Vaswani, J. Shlens and Q.V. Le: "Attention
Augmented Convolutional Networks", in ICCV (2019)

17)]. Fu, ]J. Liu, H. Tian, Y. Li, Y. Bao, Z. Fang and H. Lu: "Dual
Attention Network for Scene Segmentation”, in CVPR (2019)

18)X. Wang, R. Girshick, A. Gupta and K. He: "Non-Local Neural
Networks', in CVPR (2018)

19) T.N. Kipf and M. Welling: "Semi-Supervised Classification with
Graph Convolutional Networks", in ICLR (2017)

20)S. Yan, Y. Xiong and D. Lin: "Spatial Temporal Graph Convolutional
Networks for Skeleton-based Action Recognition", in AAAI (2018)
21)X. Wang and A. Gupta: "Videos as Space-Time Region Graphs', in

ECCV (2018)

22)]. Yang, J. Lu, S. Lee, D. Batra and D. Parikh: "Graph R-CNN for
Scene Graph Generation", in ECCV (2018)

23)C. Wang, B. Samari and K. Siddiqi: "Local Spectral Graph
Convolution for Point Set Feature Learning”, in ECCV (2018)

24)L. Wang, Y. Huang, Y. Hou, S. Zhang and ]. Shan: "Graph Attention
Convolution for Point Cloud Segmentation”, in CVPR (2019)

25)P. Velickovic, G. Cucurull, A. Casanova, A. Romero, P. Lio and Y.
Bengio: "Graph Attention Networks", in ICLR (2018)

26)CR. Qi, L. Yi, H. Su and L.]J. Guibas: "PointNet++: Deep Hierarchical
Feature Learning on Point Sets in a Metric Space”, in NIPS (2017)

27)C. Doersch, A. Guptal and A.A. Efros: "Unsupervised Visual
Representation Learning by Context Prediction”, in ICCV (2015)

1

=

2

=

3
4

NN w1

9

=

28)R. Zhang, P. Isola and A.A. Efros: "Colorful Image Colorization", in
ECCV (2016)

29) A. Dosovitskiy, J.T. Springenberg, M. Riedmiller and T. Brox:
"Discriminative Unsupervised Feature Learning with Convolutional
Neural Networks', in NIPS (2014)

30)D. Pathak, R. Girshick, P. Dollar, T. Darrell and B. Hariharan:
"Learning Features by Watching Objects Move", in CVPR (2017)
31)S. Gidaris, P. Singh and N. Komodakis: "Unsupervised Representation

Learning by Predicting Image Rotations", in ICLR (2018)

32)Z. Feng, C. Xu and D. Tao: "Self-Supervised Representation Learning
by Rotation Feature Decoupling”, in CVPR' (2019)

33)C. Vondrick, A. Shrivastava, A. Fathi, S. Guadarrama and K.
Murphy: "Tracking Emerges by Colorizing Videos', in ECCV (2018)

34)A. Owens and A.A. Efros: "Audio-visual scene analysis with self-
supervised multisensory features', in ECCV (2018)

35)B. Korbar, D. Tran and L. Torresani: "Cooperative Learning of Audio
and Video Models from Self-Supervised Synchronization", in
NeurIPS (2018)

36)R. Arandjelovic and A. Zisserman: "Objects that Sound", in ECCV
(2018)

37)T. Zhou, M. Brown, N. Snavely and D.G. Lowe: "Unsupervised
Learning of Depth and Ego-Motion from Video", in CVPR (2017)
38)Z. Yang, P. Wang, Y. Wang, W. Xu and R. Nevatia, LEGO: "Learning
Edge with Geometry All at Once by Watching Videos", in CVPR

(2018)

39) DF-Net: "Unsupervised Joint Learning of Depth and Flow using
Cross-Task Consistency”, in ECCV (2018)

40)L. Goodfellow, et al: "Generative Adversarial Nets', Advances in
Neural Information Processing Systems 27, pp.2672-2680 (2014)

41) A. Radford, L. Metz and S. Chintala: "Unsupervised representation
learning with deep convolutional generative adversarial networks",
in Proceedings of the International Conference on Learning
Representations (2016)

42)M. Mirza and S. Osindero: "Conditional Generative Adversarial
Nets", arXiv:1411.1784 [cs.LG] (2014)

43) A. Odena, C. Olah and J. Shlens: "Conditional image synthesis with
auxiliary classifier GANs", in Proceedings of the 34th International
Conference on Machine Learning, 70, pp.2642-2651 (2017)

44)T. Miyato and M. Koyama: "cGANs with Projection Discriminator”,
in Proceedings of the International Conference on Learning
Representations (2018)

45)X. Chen, et al: "InfoGAN: Interpretable Representation Learning by
Information Maximizing Generative Adversarial Nets", in Advances
in Neural Information Processing Systems 29, pp.2172-2180 (2016)

46)T. Salimans, et al: "Improved techniques for training GANs'", in
Advances in Neural Information Processing Systems 29, pp.2234-
2242 (2016)

47)S. Nowozin, B. Cseke and R. Tomioka: "f-GAN: Training Generative
Neural Samplers using Variational Divergence Minimization", in
Advances in Neural Information Processing Systems 29, pp.271-279
(2016)

48)X. Mao, et al: "Least Squares Generative Adversarial Networks", in
Proceedings of the IEEE International Conference on Computer
Vision, pp.2794-2802 (2017)

49)M. Arjovsky and L. Bottou: "Towards Principled Methods for
Training Generative Adversarial Networks', in Proceedings of the
International Conference on Learning Representations (2017)

50)M. Arjovsky, S. Chintala and L. Bottou: "Wasserstein Generative
Adversarial Networks", in Proceedings of the 34th International
Conference on Machine Learning, pp.214-223 (2017)

51)T. Miyato, et al: "Spectral Normalization for Generative Adversarial
Networks", in Proceedings of the International Conference on
Learning Representations (2018)

52)1. Gulrajani, et al: "Improved training of wasserstein GANs", in
Advances in Neural Information Processing Systems 30, pp.271-279
(2017)

53)H. Petzka, A. Fischer and D. Lukovnicov: "On the regularization of
Wasserstein GANs', in Proceedings of the International Conference
on Learning Representations (2018)

54)C. Villani: "Optimal Transport: Old and New", Grundlehren der

(99) 99




WU NG A 74 TAEHR2020 > U — X (37 1)

mathematischen Wissenschaften. Springer, Berlin (2009)

55)H. Zhang, et al: "Self-Attention Generative Adversarial Networks", in
Proceedings of the 36th International Conference on Machine
Learning, pp.7354-7363 (2019)

56)T. Karras, et al: "Progressive Growing of GANs for Improved
Quality, Stability and Variation", in Proceedings of the International
Conference on Learning Representations (2018)

57)M. Heusel, et al: "GANs trained by a two time-scale update rule
converge to a local Nash equilibrium", in Advances in Neural in
formation Processing Systems 30, pp.6629-6640 (2017)

58) A. Brock, J. Donahue and K. Simonyan: "Large Scale GAN Training
for High Fidelity Natural Image Synthesis", in Proceedings of the
International Conference on Learning Representations (2019)

59)T. Karras, S. Laine and T. Aila: "A Style-Based Generator
Architecture for Generative Adversarial Networks', in the IEEE
Conference on Computer Vision and Pattern Recognition (2019)

60)S. Huang and S. Belongie: "Arbitrary Style Transfer in Real-time
with Adaptive Instance Normalization", in the IEEE Conference on
Computer Vision and Pattern Recognition (2017)

61)]. Zhu, et al: "Unpaired Image-to-Image Translation Using Cycle-
Consistent Adversarial Networks", in Proceedings of the IEEE
International Conference on Computer Vision (2017)

62)T. Kim, et al: "Learning to Discover Cross-Domain Relations with
Generative Adversarial Networks", in Proceedings of the 36th
International Conference on Machine Learning, pp.1857-1865 (2017)

63)Z. Yi, et al: "DualGAN: Unsupervised Dual Learning for Imageto-
Image Translation", in Proceedings of the IEEE International
Conference on Computer Vision (2017)

64)T. Kaneko and H. Kameoka: "Parallel-Data-Free Voice Conversion
Using Cycle-Consistent Adversarial Networks", arXiv:1711.11293
(2017)

65)D. Dwibedi, et al: "Temporal Cycle-Consistency Learning", in the
IEEE Conference on Computer Vision and Pattern Recognition
(2019)

66) X. Wang, et al: "Learning Correspondence from the Cycleconsistency of
Time", in the IEEE Conference on Computer Vision and Pattern
Recognition (2019)

67)S. Ben-David, et al: "A theory of learning from different domains',
Machine Learning, 79, 151 (2010)

68)Y. Ganin, et al: "Domain-Adversarial Training of Neural Networks',
Journal of Machine Learning Research, 17, 59 (2016)

69)E. Tzeng, et al: "Adversarial discriminative domain adaptation”, in
the IEEE Conference on Computer Vision and Pattern Recognition
(2017)

70)K. Bousmalis, et al: "Domain Separation Networks", in Advances in
Neural Information Processing Systems 29, pp.343-351 (2016)

71)K. Saito, et al: "Strong-Weak Distribution Alignment for Adaptive
Object Detection”, in the IEEE Conference on Computer Vision and
Pattern Recognition (2019)

72)C-Y. Lee, et al: "Sliced Wasserstein Discrepancy for Unsupervised
Domain Adaptation”, in the IEEE Conference on Computer Vision
and Pattern Recognition (2019)

73)S. Ben-David, et al: "A theory of learning from different domains",
Machine Learning, 79, 151 (2010)

74)T. Schlegl, et al: "Unsupervised Anomaly Detection with Generative
Adversarial Networks to Guide Marker Discovery", Information
Processing in Medical Imaging pp.146-157 (2017)

75)S. Akcay, et al: "GANomaly: Semi-Supervised Anomaly Detection via
Adversarial Training", in the 14th Asian Conference on Computer
Vision (2018)

76) MPEG-3DG: "MPEG Point Cloud Compression", http://www.mpeg-
pcc.org/

77)S. Sshwarz, et al.. "Emerging MPEG Standards for Point Cloud
Compression", IEEE JETCAS, 9, 1 (2019)

78)MPEG: "Point Cloud Coding", https://mpeg.chiariglione.org/
standards/mpeg-i/point-cloud-compression

79)JPEG: "JPEG Pleno Database'", https://jpeg.org/plenodb/

80)ES. Jang, et al: "Video-Based Point-Cloud-Compression Standard in
MPEG: from Evidence Collection to Committee Draft", IEEE Signal
Processing Mag., 36, 3 (2019)

100 (100)

81)K. Mammou, et al. : "G-PCC codec description v2", ISO/IEC
JTC1/SC29/WG11 N18189 (2019)

82)R. Queiroz and P. Chou: "Compression of 3D Point Clouds Using a
Region-Adaptive Hierarchical Transform", IEEE Trans. Image
Processing, 25, 8 (2016)

83)S.A. Adhyapak, N. Kehtarnavaz, M. Nadin: "Stereo matching via
selective multiple windows', J. Electron. Imag. 16, 1, Art. No.013012
(2007)

84)H. Hirschmuller, P.R. Innocent, J. Garibaldi: "Real-time correlation-
based stereo vision with reduced border errors', Int.J. Comput. Vis.,
47, 1, pp.229-246 (2002)

85)C. Richard, D. Orr, 1. Davies, A. Criminisi, N.A. Dodgson: "Real-time
spatiotemporal stereo matching using the dual-cross-bilateral grid",
in Proc. Eur. Conf. Comput. Vis., pp.510-523 (2010)

86)Q. Yang: "Hardware-efficient bilateral filtering for stereo matching",
IEEE Trans. Pattern Anal. Mach. Intell, 36, 5, pp.1026-1409 (2014)
87)W. Wu, H. Zhu, S. Yu, J. Shi: "Stereo matching with fusing adaptive

support weights", IEEE Access, 7, pp.61960-61974 (2019)

88)R. Or-El, G. Rosman, A. Wetzler, R. Kimmel, A.M. Bruckstein:
"RGBD-fusion: real-time high precision depth recovery", in Proc.
IEEE Int. Conf. On Comput. Vis. Pattern Recog. (CVPR), pp.5407-
5416 (2015)

89)D. Xu, Q. Duan, J. Zheng, J. Zhang, J. Cai, T.J. Cham: "Recovering
surface details under general unknown illumination using shading
and coarse multi-view stereo', in Proc. IEEE Int. Conf. On Comput.
Vis. Pattern Recog. (CVPR), pp.1526-1533 (2014)

90)L.F. yu, SK. Yeung, Y.W. Tai, S. Lin: "Shading-based shape
refinement of RGB-D images", in Proc. IEEE Int. Conf. On Comput.
Vis. Pattern Recog. (CVPR), pp.1415-1422 (2013)

91)M. Zollhofer, A. Dai, N. Innmann, C. Wu, M. Stamminger, C. Theobalt,
M. Niebner: "Shading-based refinement on volumetric signed
distance functions', ASM Trans. Graph, 34, 4, pp.96:1-96:14 (2015)

92)Q. Chen, V. Koltun: "A simple model for intrinsic image
decomposition with depth cues", in Proc. IEEE Int. Conf. On Comput.
Vis. ICCV), pp.241-248 (2013)

93)F. Laugguth, K. Sunkavalli, S. Hadap, M. Goesele: "Shading-aware
multi-view stereo”, in Proc. Eur. Conf. Comput. Vis., pp.469-485 (2016)

94)]. Flynn, I. Neulander, J. Philbin, N. Snavely: "DeepStereo: Learning
to predict new views from the world's imagery", in Proc. IEEE Int.
Conf. On Comput. Vis. Pattern Recog. (CVPR), pp.5515-5524 (2016)

95)Y.T. Wang, M.C. Lin, R.C. Ju: "Visual SLAM and moving-object
detection for a small-size humanoid robot", Int.J. Adv. Robot. Syst., 7,
2, pp.133-138 (2010)

96)M. Babaee, D.T. Dinh, G. Rigoll: "A deep convolutional neural
network for video sequence background subtraction”, Pattern
Recognition, 76, pp.635-649 (2018)

97) A. Kundu, K.M. Krishna, J. Sivaswamy: "Mooving object detection by
multi-view geometric techniques from a single camera mounted
robot", in Proc. IEEE/RS] Int. Conf. Intell. Robot. Syst., pp.4306-4312
(2009)

98)K.-H. Lin, C.-C. Wang: "Stereo-based simultaneous localization,
mapping and moving object tracking', in Proc. IEEE/RS] Int. Conf.
Intell. Robot. Syst., pp.4306-4312 (2010)

99)D. Zhou, P. Tan: "CoSLAM: Collaborative visual SLAM in dynamic
environments', IEEE Trans. Pattern Anal. Mach. Intell,, 35, 2, pp.354-
366 (2012)

100)]. Klappstein, T. Vaudrey, C. Rabe, A. Wedel, R. Klette: "Moving
object segmentation using optical flow and depth information", in
Proc. Pasific-Rim Symp. Image Video Technol., pp.611-623 (2009)

101)T. Qin, P. Li, S. Shen: "VINS-Mono: A robust and versatile
monocular visual-inertial state estimator”, IEEE Trans. Robitics, 34,
4, pp.1004-1020 (2018)

102) M. Bloesch, M. Burri, S. Omari, M. Hutter, R. Siegwart: "IEKF-based
visual-inertial odometry using direct photometric feedback", Int.
Jour. Robotics Research, 36, pp.1053-1072 (2017)

103) A. Dosovitskiy, P. Fischery, E. Ilg, P. Hausser, C. Hazirbas, V. Golkov,
P. Van der Smagt, D. Cremers, T. Brox: "FlowNet: Learning optical
flow with convolutional networks", in Proc. IEEE Int. Conf. On
Comput. Vis. (ICCV), pp.2758-2766 (2015)

M&IEER X T 1 7F 55 Vol. 74, No. 1 (2020)




A5 4 T T2EOBZEER

104)E. Ilg, N. May er, T. Saikia, M. Keuper, A. Dosovitskiy, T. Brox:
"FlowNet 2.0: Evolution of optical flow estimation with deep
networks", in Proc. IEEE Int. Conf. On Comput. Vis. Pattern Recog.
(CVPR), pp.2462-2470 (2017)

105)E. Mouragnon, M. Lhuillier, M. Dhome, F. Dekeyser, P. Sayd:
"Generic and real-time structure from motion using local bundle
adjustment”, Image Vis. Comput., 27, 8, pp.1178-1193 (2009)

106)G. Klein and D. Murray: "Parallel tracking and mapping on a
camera phone", in Proc. IEEE Int. Symp. Mix. Augment. Real.,
pp.83-86 (2009)

107) T. Zhou, M. Brown, N. Snavely, D.G. Lowe: "Unsupervised learning
of depth and ego-motion from video", in Proc. IEEE Int. Conf. On
Comput. Vis. Pattern Recog. (CVPR), pp.1851-1860 (2017)

108) E. Vincent and R. Laganiere: "Detecting planar homographies in an
image pair', in Proc. IEEE Int. Symp. On Image and Sig. Process.
Anal. (2001)

109)H. Isack and Y. Boykov: "Energy based multi-model fitting &
matching for 3D reconstruction”, in Proc. IEEE Int. Conf. On
Comput. Vis. Pattern Recog. (CVPR), pp.1146-1153 (2014)

110)SAE International: "Taxonomy and Definitions for Terms Related
to Driving Automation Systems for On-Road Motor Vehicles",
13016_201806 (2018)

1) BB HHA % - “HE SRS AT 20 L XV G5EB L O
5E3%", JASOF 7 =7 W =—,%, JTASO TP-18004 (2018)

112) B EERE GBS & v b7 — 7 dh G AES - F IR T — & % A
RISk L CERITSHR - o—F< v 7'2019” (2019)

113) FE 124 0 “EOREICB) 2 HE)#ixy — ¥ A FEAEER",
http://www.qsr.mlit.go.jp/n-michi/zidouunten/jikken.htm (2019 4f
10 H 18 H& )

114) 887 PR30 T OSSR FEARI”,  (2019)

115) S vash, FIHEZY, ZHE®H, FRS0A, R, SHEIER, &/
SEPRAL ¢ " ACC Biplj OJRTEI A AT A 5 28l D24 - P HERT
fili”, BT (%5 A), 4, 1, pp.A_238-A_245 (2018)

116) H Il B B 1) 2 BOBREE 2R & Lz HBER Y 2 2 A€ TV
Miadsy @ “EOBRSEMT L L AE)EiEYy — R [Rle ) F&
B]" (2019)

N7 E @A HEH)S © HEREEE RS M T4 K54 27 (2018)

Q) FIHAEF, #E =, EEHRE, w58, ZHEH, KES:
“FHE B B HE H B ERER R ORERB L O N T4 3D
JERLFRENC BT B 7", B HLBAT 23 2018 4F AR Z 2740 i i 23 Al
fatk (2018)

119) ACKIRIR, NEES T, AHME, WEBGh, BKRED, WIFKs,
Je SR - HREE A R L BRI oI B X O Tk o
BH%E”, BB EHAFaG S, 45, 3, pp.567-572 (2014)

120) IR, STNZER], TEIFTEE @ NI A T ORGSR, RS
4, 83, 4, pp.374-378 (2013)

121) RBP4, fERFIE, v, BB EHZE D LMo EHwER
BTy 7B o iR, B BB A E, 46, 3,
pp.679-685 (2015)

122) KRHE © “Wifgt oIS X B IRAIREHEEE FIAN—AT—%
ZAE=F —DR%", Denso technical review, 21, pp.93-102 (2016)

123) IR —, WpIAM:, mimh—, 2H W, JLBEH, TH&EL
RSB - FUMBAMNCED L FIAN—FE=ZF T AT L, NFY
= v 7 ik, 64, 2, pp.69-73 (2018)

124) HmES, ATFHi—, WK, BRIER @ HBEERICS
F2 K74 0NE=45 Y Y7 E4M”, OMRON TECHNICS, 50, 1,
pp.36-41 (2018)

125) “Pk 25 4F- B =] - 28 5 1 3

126) BEARRER - “Hilk - 4 75 &ENT (1) EREO—-FTH &MY
A Y77 A 7 IR D REM DT, AT L= 2 —
Z A v F, https://newswitch.jp/p/18774 (20194E10 H 1 HZM)

127) & 4% ¢ “2018 SRR AR A~ 7 T MEFREE BREA - > A 7 & B
M OBUIR L FRIEZ” (2018)

128) KIOF1Z @ “FEEEKIZ BT 5 SMH OHG~ 7 — 7 1230 { Rk
571t A DA~ BB, 43, 5, ME2019-27, pp.13-15
(2019)

129)/NPHELIG & “HE A b 0SB B AR S ORF~ b ¥ R OVHERE
BHTOT—FIGHORH~", B8R, 43, 5, ME2019-28,
pp.17-18 (2019)

130) 22, BN, ANEGL, BRAINEL D “BRrAA=Za—F N
2y M T =2 B O T Y R OVITBT BRI O R EAL
WY 5 —MeEd, meE R, 43, 5, ME2019-36, pp.121-124
(2019)

130 M, FIEA, AL, BRLSERL D “L—F—F—5 %
W28 b Y R IVINOZEIRM BT B G~ &8 B A AR R v
T =2 E R ERESOWTHAL~", Mg, 43, 5,
ME2019-55, pp.295-299 (2019)

132) AT, WA, MIEA, RWILER RS E VR
BB HED L RBHREOHIL NV SHOERSELICE ST 5
a7, WS, 43, 5, ME2019-68, pp.361-364 (2019)

= ¥ b DB

B FTE 10804, ik hsbils
T, 4R, (B B -LmTRgem ARk, 19924E, BUSUHR
VRFETHERIT. 19984, BHHRAFHE S 2 F A FH
A 3 EIRBBEE. 20074, FSREEE. BECES. 3
YV a—y Y a v, EAEE LS ORI e,
E£H.

= 5. L F Lwiny

R ERF 20004, simks s, 20114,
IRk K B SRR R BF SR s L AR T FAE,
NTT A%k, BIfE, NTTa23Ia=A r—3 3 X K Bl
PSRRI A B O T2 R e R 2
RAERE. TR T 2 HFE RIS S hE . EAH.

& L £ Lo AL

EH  BEF 20134, sorors st
20154F, [k %Ak % b M2 R e A s L IR T

20184F, ARSI E RGBT, @
%, NEC A#L. Bifi, NEC%— % %4 = > AW
SR, BT - LRI A s A,
1 (F2).

by s (5%

A £ 20044, PREAFHITHERET - 15
HOHIE SRR, 200548, ARk 2 e s i 15
FRME LIRS T, 20104, ARSI HUEE
BFgeRH 13 T, F4E, KDDI (M) Ak, BAE,
| (H) KDDL AT S a5 7 v — 7HF%E~ 4+ —
Y. 20174, ARSHARSINESESE. 11, B
WA R 1 R OWFSE - BT 3 & O EIB A (12 fE .
it (RS HOERE ). EAH.

= E Fa VA

ZH B 20054, sk kb TR
WSO T, WA, )RR SUEE L0 R
BEZE0 (ATR) AFF. 20134F, 382 B0 T2 4l i,
20184F, MAZMSIZE R Y, BAECEL, FI 4547
BIAT, AR A T A OMRES R, W
(T2). ELA.

H 5 W VAW E

I BEZ 19804, SUSNEE RSB LIRS
RRACSE. 100148, ALK B TR JE R B2 B -
WEMET. R4, DABEERS B B AR, 2001
E~20064F, HHOBEMIZERMEFF 20 EYa v 70
T MERIDIGER. 20174E XD, HARTIERF T
TR (B TR A 7 1 7 TR #. W
RILEL, TR ORISR, AR,

(101) 101




