2023/3/31

12TUSIYMINART 52D EEEICRIT HRE AR
FEFEIAZFAARIBSE R

AR THXE HRHEERE SSEREEHAZEAR (VRI)
LR f8—, H L S
HKARENTTT—5 A—MEEYI IO ATAEF




B
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2. 2007 DARPA Urban Challenge (DUC)

<X S X

FTEF6F—LA

TE6F—L

Tartan Racing

Stanford Racing

VictorTango

MIT

The Ben Franklin Racing Team
Cornell

v https://www.grandchallenge.org/grandchallenge/

Boss
Junior
Odin
Talos
Little Ben
Skynet

D—FF-AOVKZE
A2 IA—RKREFE
N—SZFTRIKRE
NOF1—tyYIRIKRFE
RITWARZTKE
J-XRIVKREF

200711 A3BICTrAFIRAMIF - AlLLDREEN D3 — D EEM THIEINT
J-AFAZEEUHER96 km (60 mi) TORFRILIAICTEET DTenRebSNIT
=W, ALOEBEFIPEEVCSHIGURLDESNCERUNS, INTORBARA(CIRESIFESIEN TV
BEOBEMREITOMIC, BIESTORBEPERRE MY -2 2ET - BEIHREEIFINE

4:10:20
4:29:28
4:36:38
HI6BER
6EFfEiEEE
6EFfEiEEE

147
2fiL
31z
441
5eiE
FoiE

J=Z61 (BT, EREROI-REFRRD)

& waypoints in the Parking
Lot (Zone 14) are
=
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2. DUC: (NH—RF—AAVKZE Boss 7—FXFT9F v

™ A

© a ’ ’ Q ‘F‘—“ B I
; - ~ . ..’ e B W B

‘ % - 7 { x
- 4

Mechatronics

Y

Velodyne

SICK

(o 1y e

A1

Mission Dot e———-
Road Netw rim—

Mission Planning

BEWorldE5U>J

Road Mission
Network. Plan

4 {

t

Mission
State

Po

> 7, —
@ r——Static Obstacle Mape—— 'f—'r;}] jj /?;_
( :: Road Map ;- . _ B ELT
IBEO = Perception | Dynarnic Obstacle Behavior Generation . 7._)C % ,;ﬁ‘\
& World L "
Vehicle Sensor _ Modetl)lzng , s e::zlrb::am ’I ° :%IELI%
( CAN Bridge }
Eﬁ |- BOSSJ | ———Bchiavioral Conie)@_l Scenario Gloal PlanTrling
; State
Applanix  } = l
1 Radars .l: > Pose > :E_>3>j§>j__
— exy Static Obstacle Mape— . s
BOSSO)?_q:TO}V(iEEET Health Road Map > Motion Planning .EJLJEEEEE
~ ea . .
o ) o B
Visibility =
iﬁgﬁ\ ((—élﬂ\l\:{ éh?b\é Co:trl\'.;leer = Vehicle Command I
Db

v http://ri.cmu.edu/pub_files/2007/4/Tartan_Racing.pdf
v https://www.cmu.edu/traffic21/pdfs/urmson_christopher_2008_1.pdf
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2. DUC: (NH—ARF—AA2 K Boss VAT LERK

Sensor Characteristics

Applanix POS-LV 220/420 GPS/IMU (APLX) e Submeter accuracy with Omnistar VBS corrections
e Tightly coupled inertial /GPS bridges GPS outages

SICK LMS 291-505/514 LIDAR (LMS) e 180/90 deg x 0.9 deg FOV with 1/0.5-deg angular resolution

¢ 80-m maximum range
SICK S-r.‘annlng Lidar

90/ 180° FOV, 40m

Velodyne HDL-64 LIDAR (HDL) e 360 x 26-deg FOV with 0.1-deg angular resolution
¢ 70-m maximum range

Continental ISF 172 LIDAR (ISF) e 12 x 3.2 deg FOV
¢ 150-m maximum range
IBEO Alasca XT LIDAR (XT) e 240 x 3.2 deg FOV
¢ 300-m maximum range
Continental ARS 300 Radar (ARS) e 60/17 deg x 3.2 deg FOV
e 60-m/200-m maximum range
Point Grey Firefly (PGF) e High-dynamic-range camera
e 45-deg FOV

: - Continental
. Continental IBEQ
Velodyne X 80° . ARS 300 radar
multi-plane lidar 15F 172 lidar ! FOV, 60 1 7%, 60/ 2Mm

T60°x 262 FO, 6ilhm 147, 1 50m multi-plane, multi-echo

STE(C(Z10/8D 2.16 GHz Core2Duo/OtyHaE#EiLIz CompactPCl Sv—3%{ER. ZNTNIC 2 GB OXEUE 1 #H0

FHEYS A —BRybh R—MMIE. &IDE1-5—(E 4 GB OIS 1 RIATHSEENT B, T AVEEDRIEEENMER

3. &IDE1-5F, hRAL )V /BTHTH R—RENUTERIEIRIENS v https://www.cmu.edu/traffic21/pdfs/urmson_christopher_2008_1.pdf
v http://writingaboutcars.com/360-sensors-give-autonomous-cars-vision/

l( Kanagawa Institute of Technology, Advanced \Vehicle Research Institute (VRI).



2. DUC; QRBZT#+—FRKZ Junior 7—F TV F ¥

A2 TA—RKZE (2007 DARPA Urban Challenge 2 1i7)

Velodyne laser Applanix INS I SENSOR INTERFACE | | PERCEPTION | | NAVIGATION || USER INTERFACE |
Riegl laser l SICK LMS laser Road map
RNDF database * _Top level control |
pause/'disable command

IBEO 1 interface
i Lane position &
IBEO 2 interface | RNOF poses driving mode
LDLRS 1 interface L) & Repair > path planner
LDLRS 2 interface |
wajectory
Velodyne Interface | Ll __» Stalic & Dynamic obstache lst] VEHICLE
RADAR interface e INTERFACE
| >  Steering control |
vehicle state (pose, velocity) t £ E Passat interface
> >
BOSCH Radar GPS position [ ¥ UKF Pose estimation 1 Wm N |
IBEO laser SICK LDLRS laser I GPS
|_ . IMU interface '
8| Junior | | Wheel velocity *
heant beats Unux processes start/'stop
4 emergency stop
v hoatth status }
Process controller *  Health monitor |
power on/olf
cata
GLOBAL | — , T
SERVICES % H“";_m. s I le system
5 A
A 4
Inter-process communication server

http://robots.stanford.edu/papers/junior08.pdf
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2. DUC; Q)RR TA—KKZE Junior AT L

&

& Rk

Velodyne laser

Riegl laser l

BOSCH Radar
IBEO laser

http://robots.stanford.edu/papers/junior08.pdf

Applanix INS
SICK LMS laser

SICK LDLRS laser

B Applanix POS LV 420
-GPS
-EMEEEMAIE
IRA—=JVARX ) —
-Omnistarf@IEN—-XDREEMEY -EX
XAIEFRZE : 100cm, FMEERE @ 0.1 EXE

mSICK LMS 291-S14x 2, RIEGL LMS-Q120 L—-H—-t>H—
3DEIRIBIELIREDFRIMRRETRZETRAIL, - ARBEIFEREMAIERF EZIT

m Velodyne HDL-64E
PEEY RN EE ORI CEF.
JKFHHEF : 360° F|EFREY : 30° [EERELKER : 15Hz

mSICK LDLRS >H—x 2, IBEO ALASCA XT 5445—x 2
ROV % I5E

mBOSCH KBl —45— (LRR2)x 5
eIt oEm(ICRI I 2B NNEHRE IR

B E1-49— AT
A>FI)I J7yR 37 H—){=x 2 (Linux)
FHEYS 1 —YxRyb
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2. DUC; BQN\—U =7 IR KRZE Odin 7—FTIF v

NovAtel GPS/INS

Cameras //\ 1\‘ \\

SICK LMS

— 4
IBEO Alasca AX
IBEO Alasca XT

B[ Odin|

Lane Request
Exits Replan

Driving Behaviors

Perception

lTa(gel TAchnevable?
Points

Motion Planning

Motion
Commands
Y

Vehicle Interface

http://www.romela.org/wp-content/uploads/2015/05/0din-Team-VictorTango’s-Entry-in-the-DARPA-Urban-Challenge.pdf

TS5 —

-3 05—
EEIBER
-BYEEI5
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2. DUC; B)\—U =7 IHKZE Odin VAT LIER

® Novatel Propak LB+ GPS/INS
R —=REERT V)T BEZEmHS

NovAtel GPS/INS < -
\___ SICKLMS | AT, SRR IOVIIEED10cm
Cameras 2 - IBEO Alasca XT DIREERER
TN - 2 === Cameras
\ S .o ® IBEO Alasca XT Fusion L—H—
HEF : 260°
BREDOALELTER
NFMREEEEE200mIENEA70m
§ | 3
m IBEO Alasca AO
HEF : 150°
HEOBAEm ORI RIFCER
R IEEHEERAS0m
IBEO Alasca XT
m SICK LMS 291L—-H— HiAx?2
B 15325 IBEO XTOF A %5
*Windows XP IBEORSZ=Y) 5348V 7 MOz B, SR DFE R/ —
(LY —4LI2Y I RI17 National Instruments LabVIEW Vision {EHEOA) B8~ (4 S LT
Linux KFAREF : 90° ARIKES : 1024%768

JL—LL—b : 15fps

http://www.romela.org/wp-content/uploads/2015/05/0din-Team-VictorTango’s-Entry-in-the-DARPA-Urban-Challenge.pdf

l( Kanagawa Institute of Technology, Advanced \Vehicle Research Institute (VRI).



2. DUC; (WX TFa—ty VIR KZE Talos 7—FTIFv

B[ Talos 11

-
Software
Infrastructure
\

l Mission
state
- Mission ey
W Planner
F 3
Global Segment cost
waypoints (time-to-go)
A A J
,=FL= . .
ITENETIH Situational [«
B SR Interoreter .| Local Map o Perceptual
al API State Estimator
Situational
Planner
Desired Drivable surface, lane y
ehs_lr:a markings, stop lines; Vehicle state
venicie Obstacles: Vehicle estimate
frajectory  w trajectories
Vehicle ) Vehicle State
Controller Vehicle state Estimator
estimate
Steering, “Vehicle
acceleration, motion
braking
Power —> Vehicle <

Safety

https://dspace.mit.edu/handle/1721.1/39822

1<
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2. DUC; XY Fa1—tyYIEKE Talos VAT L

&

& R

Perception
Dataflow / Architecture

II lI
”ﬂ Camera e Lidar

[I
U Radar

*—I—i

—

RNDF

» | Lane tracker

Drivable surface
detector

Vehicle & obstacle
tracker

E’." GPS /INS

[

B~

0 Odometry

Pose
estimator

8
E

https://dspace.mit.edu/handle/1721.1/39822

[lll

m IMU/GPS

XSens /Navcom Applanix POS LV220

LiDAR
SICK LMS-291 S05

KT

T EREEDFEEYIRE

RIS AL TR E

IEER O] RE R RE DR

-EE(GRE

B TOI74/IIVEEmEYFOHETE
XSOZRMRT YN, DEOBMmBtT Y -LDEFELLELD
FRANCD>EDTNVS

Radar
Delphi ACC3
120m5cOEmIR L

Camera
Pt. Grey Firefly MV
BIANASTEFIRE. BAIASTEEFEZARL U R ZHER

EI-53AT
Fujitsu-Siemens BX600 Blade Cluster

1<
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2. DUC: B)A—ILRIL—

I ITEKZE AnnieWAY 7—FT5F v

BB AnniWAY |

sensor interface
GPS/INS

DUCI7AFUAN1F—LDHFD1D
( 5_:5 iﬁ?) 2D lidar

1D lidar (front)

1D lidar (rear)

planning®>1—)UEBL D 3 L1 7 THERk
1. Sv33ay5tE (Misshon planging)
VS AVEIEN T DIHDETEIZRIE
2. E#EstE (Maneuver planning)
REMAAZERAL, EEOERRE (B Hinil, ER, BULHEL) Z

SHEL, X592z ERMK

. #2EEE (Collision avoidance)
SRERES 1L SEVBUREEYY T2ZRBUT, SHEINIRIZCEZENRLN
EONeTANTD. BEZEDAIREMENESVVEEE, BN/ AZEIRT 3.

perception planning vehicle control
terrain mapper steering
zone planner
object tracker throttle / brake
road planner
lane detection gear shifter,
turn signal, etc.

g

https://onlinelibrary.wiley.com/doi/abs/10.1002/rob.20252

Y Y Y

global services

RTDB communication system watchdog

1<
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2. DUC; BO)H—ILRIL—IZITFEKZE AnnieWAY L RT L

&

E409

GPS antennas

2D lidar

1Dlidar . ) Power

https://onlinelibrary.wiley.com/doi/abs/10.1002/rob.20252

O-H34€—-2>3> (DGPS/INS)

EARE6EHINSEUVIAA LAFRIT1YT (RTK)/GPS L>—/\—, BLUIEHER
ANTAVTRIERD 2D0OGPSL S —/\—-THREN2TYRLIZ2Y ST A.
ARXNIEARA =)L T>O-F-DSEHEEUS.

EOWIEZERUTENRMATT 0.02 m ZBADBMIEEL, GPS 77RO
2mOfElRZEALTO.1 EOALMIEEZER

X4 >LiDAR

6447 EIEMHET : 26.5° EEHERE : 600rpm
KEHZEBEDAREE : 0.09 E

FEmEDfAREE  &A 100 m T 5cm

FRI100 ARA> NAEZARK

BElnEFEORMCER. REERIYIE, L—> Y—h—OWHI(CER

BILIDAR  (FI&(C—DYD)
ETEEEFOYR—b

B E1-49— AT

X1>AYE1-5%ZECUTIE®

1<



3. BRERSHRT—FTIFF

DUCEHICE DS 3EOSR7 —+7F r2RETS e T
(Z BB ERE T —FTIFv BHEEGRSRV-F7IFv [Z2#£]R0OS Navigation Stack
I, A
jﬂ?_—%zé%??} ‘ W=hKI5>F— Eﬂgf%w Global Planner
334
(h—7FEHEH)
l i)l/—l\ l}\c’Z
T A4TE(~10%) e 2=
FaIEY) - ST E B ‘ TBI5>F TR Goi@
BHIICEoTIE — RTSVEAE
l BARE(ICX B LA — lﬁﬁﬂ?‘fﬁb Local Planner
WT—Zb3
REHITEN(~17D) . BHDIRZERE
T ‘ PIBERK (EAROJZY)
ITENRE Bl B

ERIERR, FRH=MN, KB1F, KBARER, JIEZsk, &), I\Wwite—, E8ERM, AR, SRET, AET, F=E, BEES,
BEILAE, BREFE—, REXME, 808, WTHER, BRDRY R, BENEGRKITIAR, A#—A%t, pp.110-111 (2021).

1<
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4. W—bTS2F—

=T Z>F - FERMMETORERI — MEFERT 3.

BEERSR7—-+57I0Fv

‘ V—=RI3>F—

BEHE T

IV—NRE
(h—7EHE=)

l)b—l\

=1L/ ET

EISEIR Z0E
S TBN R
lﬁﬁﬁiﬂ
\ SEOHREER
‘ L PEES2Y GEARD Zv))
LR E]

Tartan Racing
Stanford Racing
VictorTango
MIT

DUCEEF—-LDI—NTF>Z>

V—bT5>=>

Boss
Junior
Odin

Talos

h—FF-A0VKF
A2 TA=RKFE
N=SZ7ITRIKRZF
IYF1-tyYIRIKE

7NV L

Anytime D*
Hybrid A*
A*

A*

JP7NIUX A

1<
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4. )V—hTSoF—EERDT 371

W=bTSZZIJEBRUT, EROERUCEREE /- REBEUTUSITII6TD (RI9-yIDIEHRZFIF)

l( Kanagawa Institute of Technology, Advanced \Vehicle Research Institute (VRI).
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4. )L—hITS50F— 9Z7FRTILIVR L FAORMTE

H49Z 5 (Dijkstra)iEld, TI0RROEARERDT IV L.
USO(CEBH(FRERFRIE ) ZMINL, J3578FRT NIV LATRERBIERZITO.

& /- RETORIGREZETE I2F TEIRL TP ILIUX A
J-INEFTORIN—MZIREEL, T FTOREREINEELSIRT
BHIFFERDH GEERZEVHEEININY-TA-REENFIATED)
ROSMGlobal Plannerh™i—kL T3
http://wiki.ros.org/global_planner

DN N NN

7n/— R BRIEESENEELZ) - R
BF | J-RETosMERMHE (IRXEHT)

»

https://en.wikipedia.org/wiki/Dijkstra%?27s_algorithm

1<
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4. )W—hTSoF—: SR T7ILO) X L A%E

AX¥(I-RA-)ElE, IRIEOBEENEIR(CHITRIN—NTFO T DOEAREZDTINTVX L.
HL)ANTEORERT, ERICHBTIZESITERIEZR IV TVX .

H1)ARTE

A X%

v h=FERETE, BAEMFFCET-ILETOERRIERE( -7y REEEH)
BPAWBNS (J-ILETOBEMRIERENEVARZELEL TEREER)

v ROS®MGlobal PlannerhgR—KUTLVB
http://wiki.ros.org/global_planner

https://ja.wikipedia.org/wiki/A*

1<
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4. W—bTS5oF—; F7FXRT7ILIV AL AAOHRBEHR

AXEN=RI(C, BIRRZAGICHISUZIN TV LB RIREEZEK TS, ELOIERZ BERRE I IYZX AN N—FF A0 AR FEZHRLHREINTWVS.

PATVX b _

D*Lite

Incremental A*

Field D*

Anytime D*

Hybrid A*

ZALUREFRICREL TBIERIBLETE 1995

1E%E%

FUWBIRNFE RSN DL/ A2 SRS (B8

D*aES{LLIZED. DIHNIINZRL 2002

BRI EIO—EP0iRZRY) - =B FI B 2002

LTERIL

D*¢D* Lite zHisRU G2 fERIZ{ERAL, 2005

NELYAAVAW &gy B O e =517

D*LitezN—ZEU THEMBIRRICT IS TES 2005

I3CTINTUX L zeiZE (BossTIEH)

ESMRNZELER (Junior T{E) 2008
BitEOAA—

S DFEIS

=

» http://robotics.caltech.edu/~jwb/courses/ME132/handouts/Dstar_ijcai95.pdf
» https://www.cs.cmu.edu/~motionplanning/lecture/AppH-astar-dstar_howie.pdf

» http://idm-lab.org/bib/abstracts/papers/aaai02b.pdf

» https://proceedings.neurips.cc/paper/2001/file/a591024321c5e2bdbd23ed35f057
4dde-Paper.pdf

» http://robots.stanford.edu/isrr-papers/draft/stentz.pdf

« http://www.cs.cmu.edu/~ggordon/likhachev-etal.anytime-dstar.pdf

« https://ai.stanford.edu/~ddolgov/papers/dolgov_gpp_stair08.pdf
«  MATLABICBEEINZIE plannerHybridAStar |
https://jp.mathworks.com/help/nav/ref/plannerhybridastar.html?lang=en

S
BN (CHFOFBEDIEENRES>BTE

1<
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4. )L—,TS52F—: DUCH—RF—AOVKE

Boss®

thinl

=151

By NI =2
(R4 -3

Mechatronics

éﬁﬂ—l ﬁ MDF

w37 —4

(/i)

Mission Datam—
Road Netwo rim—

Mission Planning

Road Missicn
Metwork Flan

¢ '

t

Mission
State

CAN Bridge

Applanix o

I : ,l_\.l| —t ~ A\Y
Rl FMEEWorldEFT)>Y

SICK Po .

Static Obstacle Map——

Road Map: =

IBEC " Perception | Dynamic Obstacles=———

& W0|:|d Visibility >

Vehicle Sensor _| Modelling | Sensor Health————|

Behavior Generation

[ B e hav i0 1 @l 0Nt f——

Scenario Goal

Planning
State

Po >

Radars I

Static Obstacle Ma p—

Health
Monitoring

£00¢i000

——y N2MC ObStac| S m—

Road Map

Visibility =

Motion Planning

enicle

Vehicle Command:

Controller <
Db

TENTS>F—
BIET
RER
-BEERL5

2320527
- BEERL

223> T30 (L —MER)

v

B F2ZREUCGHE
ETERE /RME /3B, T35
U IDEHIU T 2EESETEL
TR ) OR/ O0-HURIROD
B &

EBMHIFEENS DEFTICEUAIINIIE
Hy (@R, EICE> TRV
ERVERE) TI32EHLTH
STiE

LSO ESYS 3> TldAnytime D*
OFBETHEICHTT

http://ri.cmu.edu/pub_files/2007/4/Tartan_Racing.pdf

1<
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5. 181757 —

1TE 5> —(FRIEDINRCSUICB Y B TR IR E T .
B {TENREDNHETIO-
EEBOHEER, HEEE, ETAMMRNEEONIRRITEEUS

BEERSR7—-+57I0Fv

BHHETD
W—hT5>H— N~ hRE
(h—FEHEY)
l)b— N
L ik EAT
‘ TEIS5>F— BHLRIR ZDE
S TENERE
lﬁiﬁﬁiﬂ

. EHOHREEE
‘ PCES GEARD Zv))

©@ @9 ® 00 e

BEOIEEBAREOEEFRZEIS

FRILIEEY DB EALBEEEY O T RFEZHS
BEOIEEBLEEMEDOMERFRRENS, BENMBENMTVDIREZITE
BEOENM TOVIIRRETEDS DB TENRF E ER

BEATERINS 1 DD TN EEIR

B TEISYF—ICLBEETENREDFIE

IRREBIBM(CLBITENRE (DUCICHEITBAEF—LTERA)

v

4

o h—FF-AOKZFE Boss

o RFVIA—RKRZE Junior

« N=2Z7IHKZFE Odin

o YUF1—tyYIRIKZFE Talos

o N=IAN-ITHKRZE AnnieWAY
FBICLDTENRE (DUCER)

. IselebD75%

+ Mirchevska5M757&

FREBR, mAEN, KaiE, KBARER, )G, &)1, /)
MWE—, B8 EE, HIFSR, &RIBIT, IEETE, a5, BEE
X, BE5AE, BEE—, RS, 802E, IWTaR, BA0RY
NE2, EENESIIMIAPY, A—A%t, pp.110-111 (2021).

1<
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5. 1TE817 57— REEEBICZELDS

25l (DA—RF—AAVKE

H—RF-AO>KZEBoss |OITEI T Z>F—(dState MachineTEIREINTWLS
My TLAILDState Machines, BATFO&EEZI>THFAMNIGUZSUb State MachineDBEEi&i&EE B> TUD

® EIXFETT (Drive Down Road)
® 3TZEMA (Handle Intersection)
e EIEFEIEZE (Achieve Zone Pose)

Sensing failure

L

Pull Over

BBICEES

BEEIT (Drive Down Road)

————————————————————————————————————————————

Mot in correct lane
for checkpoint

¥
Change Lane

Missed
i checkpoint

Selector
I
I
~-@ ? |
Road fully | .
blocked Success
Drive In
Lane
K

Progress limitea

http://ri.cmu.edu/pub_files/2007/4/Tartan_Racing.pdf

Obstacle within
stopping

PEEYEhEDr
SHOEHREE

oooooooo

& World
Modelling

Road Map
IBEO Behavior Generation
Perception Dynamic Of

nnnnnn

Radars b M
P Motion Planning
Monitoring I bstacles———>,
CogglullB Vehicle Cc I
XZm (Handle Intersection)
BHhF5
_ Intersection
fully blocked
.~ R~
Sensmg!OK Wait for :
i Precedence No path found i
| L Wait for | - : !
| § ; Intersection Drive In |
Sensing Failure | Timeout—+| I"‘Bé’:::’o" clear Virtual Lane i
4 Sa— - :
Intersection partially Obstacle within Success !
Back Into blocked stopping distance
Start Position | -~ —----——------o ooy
T Currently o | l
Can't back up implemented SB:;I()Q::SI;‘::G
6 Defensive _,.
Success Lane Change
c11H . = == E b 0
WDER A

1<




5. TEITSVF—; IREEBBICKLEH QRFLT+—FKFE

A2 TA—RKZE [ Junior] OITENTS>F—(&, FSM(Finite State Machine; BBRIREEHAR) THRIRENTLS e e
! @ — == |
BB BV IRIE IR DB _ . —
OB B I ="
IS EFC L

SERVICES
Iy

B FORWARD_DRIVE

N -
Us—> %l @ CROSS_DIVIDER STOP_SIGN_WAIT
\ 7 e
UA—->%F1T UTURN_DRIVE BAD_RNDF CROSS_INTERSECTION g
HRIHFFHTERO l
BEOBEEETE-R
STOP_FOR_CHEATERS PARKING_NAVIGATE Eres
fhER@EBFS
e MISSION_COMPLETE
¥ TIREE
FSM https://onlinelibrary.wiley.com/doi/10.1002/rob.20258

24
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5. T8I 57— IREEEBICZELDS

=5 QIN—D=ZFTITHKRE

N=JZFITRIKZIOdin] DITEITZ>F—(E,

.................... -

Optimal Route
(Exits/Entrances) :

-

Route Builder
Assemble list of waypoints
based on Exits, pre-assign

each point a Situation

On-Demand

Periodic

Y

Determine Situation
Point in Road, Stop,
Approaching Stop...

Different drivers are
activated based on the
Situation

sesesmms e

............................

RFUSIGUTE
RIANED1-ILE¥

Route Driver
Assumes no other traffic

Passing Driver
Pass other vehicles

FSMERIRSIHUIE RFSANEZ 1-ILOHEERTEREINTVS

Route Planner

Lxils

I

Driving Behaviors

Lane A Request

Perception

TETIET
v Points

Blockage Driver
React to blocked roads

Precedence Driver
Stop sign precedence

Merge Driver
Enter/cross moving traffic

Left Turn Driver
Yield when exiting roads

Zone Driver
Re-route when stuck

ﬁnnlm%,

Signals g
Drivers can Direction———»
produce § '
types of outputs, Target POintS——
each with an Speed >
Urgency factor
used in Integrator Lane L
™! Request :
! Replan !

Behavior Integrator Horn/
Depending on situation, Signals
choose winning dnver fromf\  «oceeeceeeaacil
each driver category
Behavior !
Profile

.

Motion Planning

Motion

VCommands

Vehicle Interface

http://www.romela.org/wp-content/uploads/2015/05/0din-Team-VictorTango’s-Entry-in-the-DARPA-Urban-Challenge.pdf

l( Kanagawa Institute of Technology, Advanced \Vehicle Research Institute (VRI).

Achievable?
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5. T8N 7527 —; IREBBIZLLE

=5 ()Y Fai—tvYIEKFE

IYF1—twyTRIKZE[Talos 11] OITENIT 5> —(FFSMTEIRENTWS

ZONE : DUCOI—

ACHBIL%

ZONE

EZ.L [ PARKING

* Head to parking spot

Start
|

A4
WAIT

* Head to next waypoint

U_TURN

on opposing lane

U turn completed

|

Next waypoint
is zone exit

>
> CRUISE ..o +Wait for receipt of
valid Mission Plan
* Head to zone exit point T A
[ :
Reached| |
Pext PO, RO PR exit point
yaypoint is !
zone exit I
I

Mext
waypoint is
parking spot

Parked

EXIT

PARKING

- Exit parking spot

.(_ .

< -

Legend

= Start
*Mission Completed
= New Mission FPlan

Next

CRUISE

+ Head to next waypaoint [

Next waypoint on opposing lane

Lane blocked

-l

Passing infeasible

i

Mission
Planner

Situational
Interpreter

Local Map Perceptual

API State Estimator

Vehicle

Vehicle state
estimate

Vehicle State

Controller

Estimator

Software
Infrastructure

Vehicle
motion

braking
Power H

Vehicle

|4—| Safety

waypoint i5t Y h 4
parking spo
PEEPING
BEET *+ Head to observation point
Exited
|nter5e§|ti§n| At intersection Rettcl: rﬂ»}ﬁi E; f'aifl'lg'l‘g
h 4
INTERSECTION

+ Wait Turn
+ Execute maneuver

PASSING

* Pass in opposing lane

R

EERN (R4

https://dspace.mit.edu/handle/1721.1/39822

1<
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5. 18175 ) —; KEE

BRRICLDEH G)Hh—ILRIL—IIFHKE

=LA —TITREKRZTAnnieWAY ] OFTEIETIE

E|(Mission Planning®>1-)l)(&, FEERREEERTTIV(HSM)TEIRENTLS

sensor interface perception planning 'vehicle control
error GPS/INS terrain mapper steering
zone planner
Y 2D lidar object tracker throttle / brake
road planner
) e . . . 1D lidar (front) i i
Pause activate WaitFarActivation Error | . lane detection m?.?:?gmzic,
.,.ShorITerm > error 1D lidar (rear)
...LongTerm 0 0 2 8
-~ pause 9]
global services
/ Ao v /
RTDB communication system watchdog
pause eror
4 )
Active B
=1
$< & BIEats
. ™y '
( Replan R Drive Zone B
...Reroute \Qlockade head ...DriveStart zone ahead ...ZoneApproach
...GetBackOnTrack ...DriveOnLane > ...ZoneEntering
...DriveStop ...ZoneParking
back on ‘[racp_( ...DriveKTurn _zone_passed ...ZoneParked
...LaneChange ...ZoneDriveToExit
...DriveRecover ...ZoneRecover
N N -
. . goalveached
intersection_blocked intersectign_ahead goal_reached
intersection_passed
|
GlobalRecover h M Intersection Goal h
...IntersectionApproach
...IntersectionQueue
= ...IntersectionStop
...IntersectionWait
...IntersectionDrivelnside
...IntersectionRecover
/ AN S

IREEBIZETIL(A1Y)

https://onlinelibrary.wiley.com/doi/abs/10.1002/rob.20252

1<
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5. {78175 7 —:; REEBIZKBEN G)H—ILRAIIL—IIREKE

' i "
Intersection
1R EE
[ e 5 S OFFT TS J k :{ e IR =
|
f \ SBITHERD
BISEIRICLD && W
BATHELL BITHERL && . ,
Bl5ELE HTBOFH] REREET
j)\‘

S
itk

r;/
I

f
N BSEERILS 8& )
e BITHEHD

BINIELE IO [ REREET ]
BFCEARICLR L 'F
l WBITHESDD
|

s

} 4{ i | mimcsE [
Bt - N .
) L
b

REBBETIN(HIZAT—b : XER)

https://onlinelibrary.wiley.com/doi/abs/10.1002/rob.20252




5. T8175 0+ —; B2EIZKDFiE QEFITDONT

m TEIETIE
vV IV —(I-21 N DIRRE(S)EATEN () 2 TEHR T D
vV I-S1 MYTEZITOERIDIRRRICERR I5LLB(C, BIRERUREN(r)HSEN 3.
B TEIEREIL
v ZIRRE(CHIFBITEIDME(QME) 2 RICLUIEEDZQ-tablet R, TLAV—(IQENREERZITENEES
v QFEBLL, JHESNEI-IIREFETIC, BADREREINESNZLIICQ-table2FBI3ETHD
v FBFETZEDRUVINR I ZETITON, FERITEMIEZEERURNSHITI B, ETHILOELDINRAER

Q-table
ﬁ'éb

Al | A2 | A3 | A4

S1( 0 |20 O 0

S2 (05| 0] 0O
REE - QE(1TEMEE)

S3 0 0 | 0.2 0 v https://qiita.com/ishizakiiii/items/5eff79b59bce74fdca0d #q-learning
v https://www.tcom242242.net/entry/ai-2/%E5%BC%B7%E5%8C%96%E5%AD %A

6%E7%BF%92/%E6%B7%B1%E5%B1%A4%E5%BC%B7%E5%8C%96%E5%AD%A
S4 0.2 0 0 0 6%E7%BF%92/%E3%80%90%E6%B7%B1%E5%B1%A4%E5%BC%B7%E5%8C%9
6%ES5%AD%A6%E7%BF%92%E3%80%91deep_q_network_%E3%82%92tensorflo
W%E3%81%A7%E5%AE%9F%E8%A3%85/
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5. T81750F—; FEIZ&5F % DQN(Deep Q Network)[ZDULVT

v Q-tableTld, TEICIREERD AR CHBRATYZEBHIASRDIETLES
v Q-tablezZ1—-3)IL1xvhJ—IDQN(Deep Q Network) TRAEUAIT B EICLD, XEVZEMORFEBEZFH<
v FBEEENT —ARUTEITZR0RL, REMEOZLZERAI T3 ETHRE{ILEND

Q-table
178
A
Al | A2 | A3 | Ad
S1 0O [20]| O 0
S2 105] 0 0 0
JRAE -
S3 0 0 102 O
S4102] 0 0 0

DQN (Deep Q Network)

7
QIE(1TENMEIE)

A
IRFEDIRRE

— QIE(1TENIAE) T—)VIKRE

Q-tablezDQN TRAELAIN

(A1

: 8.0

: 1.3

: 0.2

1 2.1

v https://twitter.com/ImAI_Eruel/status/1303677795806056451/photo/1

1<
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5. T85> 7 —: FEIZELDPEH (iseleb DAL

v DQNZERURIEFBICLHITEIE T EZ BES R ERDEREZET NI —AEVTHRE
v MEIEEURVREREEITEIZH N TSRS, FRERBCHREMNIDIZHOTRITD 1—ILZEN

wait

Go(IMEERE0.5m/s?)
Go(IMEE1.0m/s2)

N;

C

N

IREED Y b
‘ _'l DQN |_

Vv

Go(flERE1.5m/s?)

ITENDNRY

T ATENOARE

—»| ZAES1—)) I
IR FREDT3H

v' https://arxiv.org/abs/1910.00399

v BREG, FRHEN, K1F, KBSRER, NEGZE, /)5, JWie—, E8EE, AR, 2RBIT, EET, FaiRE, BRES, &

T AFS, A—L%t, pp.110-111 (2021).

== FEDIIR |—> IR TRUTE

FERRIPIRRE(COBN DI TEN 2 HEAR

H5LE, BRE—, RS, a0%E, LT RR, BADRY NER, BENERi

1<

31



5. 1875 F—; FEIZELBEH (2)Mirchevskab D i

v DQNZERUEEFB(CL3ITEETEZ SREIS COEREEZET NI —REVTRE
v s#{EFBO-IOHA

(TEMABREES iT8a
, v
EESOME:E N\
IR > Qs BEECER) FBRRIRAER
MAENTZQ .
s E¥omE  — DON [ ols, ) ——-| >afety I o argmax ikl
EEROBEE | ) STHanT R QENEAD

F1vl

v' https://www.researchgate.net/publication/327690711_High-level_Decision_Making_for_Safe_and_Reasonable_Autonomous_Lane_Changing_using_Reinforcement_Learning
v BAER, mHER, KA1E, KBARE, /SR, #3) |, )\ Wit—, 88, HIRR, &RIBIT, FTEETE, B2, BIBESE, BEAE, BEREE—, RS, 8028, T mR, BAONY bM<, BENEIRR
MIAFS, A—L%t, pp.110-111 (2021).
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6. BB Ak

BUBERES1-IVEEMOIER (GEARO/2YJHR. BEIRCHIMBN) ZZRBUEEZEKTD.

BEEGRSR7—+57IFv

‘ W—=hI5>F—

l»—h

‘ T8I ST -

lﬁﬁz‘:ﬁiﬂ

‘ LIBERE S

BEHETO
V= NRE
(h—7FEE=)

fFIE/ET
EHREIR F0DE
BRTEVEIRTE

EmOIRZE R
EXNVSD))

Bl : BFR%E/\SA—FEUTAIEEEES

FREBR, mAEN, KaiE, KBARER, )G, &)1, /)
MWE—, B8 EE, HIFSR, &RIBIT, IEETE, a5, BEE
X, BE5AE, BEE—, RS, 802E, IWTaR, BA0RY
NE2, EENESIIMIAPY, A—A%t, pp.110-111 (2021).

1<

33



6. BNEAR; HHAX—&

PID !

Pure pursuit

Hooll i

HEFHEIE (LAD 1 ED) OREERNBREDOTIRETERAR
ECATERENTLS

Proportional : ttffl = IREOBIFRLDRZEIC KD
Integral : &9 = BEDRZEDORIEICLDHIAH

Differential: 5 = REDZ(LERLDEKFK%Z FBIU THIFH

L EFHO—FET, EEHEHODOFE. —EEETTOrIS
FRRZEEC, TORICRLETZLORMELHIFHZEIRT 3.
PDHIFHIDD (153 ) ISP R R EE 2 B &SRR Z R CF AL T
EEMNFBZAD0IC, BIAFERREVOIREFRCEDINWTHEIEZD
(73. DUCTZLDF—LHHEAL, AutowaretiFRBULTLS.
FOFEELT -1 MNERESITE  H'5S.

ONZNHEEIO—IET, BRETIUCEENIIARENS |OEFHEZE
BU, BEINIREDISZETOREUERNMSSN DL (CHIH
ERGED

S 2T LADETIHELDHIBIRLTEN
IA=FAF1-2>F (GTHEERHIR
HEE) ([CLOTEIZEIDMEEZIEL
P

ERPETENFIEE

WINAE

ERABETENEIEE

FRZEPOINELREDAHENS(TFRL

TV fERTERVVHEm DI RE
ERUBERHIEINMTAR

1A 1 BATHIHERZ B HlF %
ZRTERV

@ L

TENSZE R I DREN DD,
S HERNSTA

RTHBHIHCR B, &EEREN

HERR0
Dynamic Window  IRTEORELEFHTETIHSROBFZIETICEDSZHIHADOEHERE FRRETENTTEE —EBIEHIA D EWIRTENHDIH,
Approach (Dynamic Window)Z5tEU, ZOEEEAOFIHIANDZS>TY BEEETIZEDANSZIENTES BB ETHTERV
>JUT, SRIICROIGHMBEBNRACRDIFHA N ZETETS.  /\SA-HZ2F1-Z2JLPF 0
ROS®Mlocal_plannerCEEINTLS.
v https://controlabo.com/control-types/
v https://qiita.com/fumiya_sato/items/55a8163bca31f7061066
v" https://myenigma.hatenablog.com/entry/20140624/1403618922
v https://qiita.com/taka_horibe/items/47f86e02e2db83b0c570
v https://tech.tier4.jp/entry/2019/03/29/173543
v BAERE, mHEN, KA1FE, KEARER, )IIESE, B, wit—, E88%, Bias, &REBIT, IEEE, B2iE, BEEE, BELE,
BRE—, RbxE, 8036, ILTER, BARORYNES, BENERRMIAP, #—A%t, pp.139-153 (2021).
v =, REB—&k, B8n&ESR, 055, pp.143-153 (2021).
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6. BNEAR; HHAX—&

fREE_ZRLFaL -4
(Linear-Quadratic
Regulator:LQR)

7 )LF R4
(Model Predictive
Control:MPC)

FEERAZMPC
(HMPC)

£>FHILOMPC
(MCMPC)

REHEHIOARNBZFIAET, HIHBENZENT DDDERERH
HANZTEIIFE.
BN ZHIEEE CRIRL, TNZH/IMEIDANZELTS.

RAHIENCDFESNSFIA.

I ROETIUCEDVWTIHIEERCE(CRE LBz AR E |,
TOFERZAEOTHIET 3.

EmETIIZERL, RAEZRIBRELT, PURBRETORES
1R ERZ HEIR (CRRE KT S L TR@E T — M\l RIR I3
FE

FIERAZETIVOMPC. IERRAZS AT ASHUTER T 3.

MPCO—FETHD, EXTHIVOETERIEA NI OIERAHEZERL,
ZNETNOFHBEDOK/NNS, FIHANBRELTS.

AN NN

ST BE R (O U B 3 Hll DY el B
TAVREZATSA > TERIBEIAE

RIS IBTROTEN TED S
Bl R AIE TED

Hlf2Z RBUILRER HAEHA F] 6E
TRtkREZFF OIcsD, J1—RIA—
J— REIEIED 1 — RNy I HIHIDOF] m2
EFRIMBEATH 21 TAS

ST (CEREEN DO THRE
TE3

AR BRI ELDBER
HI N EIE

B fillESEOFN T =

PR DEZRDLSBRAERRBSR
(CHEXMIETED

WHMENEZRID, V71 L
1HZ3RIR LI

https://controlabo.com/control-types/
https://qiita.com/fumiya_sato/items/55a8163bca31f7061066
https://myenigma.hatenablog.com/entry/20140624/1403618922
https://qiita.com/taka_horibe/items/47f86e02e2db83b0c570
https://tech.tier4.jp/entry/2019/03/29/173543

ERER, A=A, KEIFE, KBAHEED, IS, &)|HE, )\Wie—, B8EE, SR, &RBT, FTHET, T2, BIBEE, BS5AE,

BEIRIRIZ IR ED TR BRI
TRIBEEN BV, EFRDHDIE
NICEEMEEENCRZEREMENDD

SHEFIHLOGTES
(RRAEZMPCRAS(ENAI>THEIEE

BRAZMPCLDSBICETEZENK
=ERECPUN A E
ESTHIVOACEDIGL, ERICHE
IRPENRN

AMELISXT U TUNER [CERF DI D S AtE]
h'&d

BRE—, RERE, 50%E, ILTRR, BAR0NyMNES, BEIEERRMAP, A—A%, pp.139-153 (2021).

<

=54, KE—&, BEn&R, 07+, pp.143-153 (2021).
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6. FEAER; MPCOZE15
RRE

HII7ATE 2017  ACCOMgEm_E DR EHEHZPIDSIfEN  Renesas SH-4A 32-bit processor v hztt%ii(/E/SJ/%irtr;imgzzlémgggvc;?;;g/user
SMPCICREUZ. MATLABOModel o Fnodel-predictive-controlIer-for-adaptive-
Predictive Control ToolboxZz{EfHL Ta%5t & cruise-control-with-model-based-
71— R v — design.html
bl FEESZL/, RETANF v https://in.mathworks.com/content/dam/
mathworks/tag-

team/Objects/m/FASTzerol17_MPC4ACC_
20170719.pdf
>4 (2017) 2017 3 DONASOHEFERAUE—IMETOE S, v https://web.motormagazine.co.jp/_ct/170
ﬁﬁm&uﬁ%ﬁq: IR ICMPCAIER I 3L 86799
S RERFBEORISENCLZI-F—TORS
h/EE TZ2eELTLS.

hIYBEEIE AI5 2022 AERIANOLSREBEGTZBIEL, MPCZ  —igiR1>>1—YmECPUZIETE v https://www jstage.jst.go.jp/article/jsaeij
FIAAL#IHEMATLAB®Model Predictive e o o ap e ae/-char 2/

Control Toolbox#z{#EREL TS 1L —33>.
—ARBIRBRELTDI\— RO T7HERK (D3,
GNSS, IMU) %giiz.

SEBH 2022 NMPCEAUT, Eﬁﬁwﬁmﬁmtffﬁﬁmwiﬁb dSPACE MicroAutoBoxII 7 Wi Tl e ST enp/aap
EFALTHIATE> M- 5% BI%. (IBM PPC 750 GL, 900MHz) Orate/randdylist/mechatronics/b236/index

v BEEFI Vol.76, pp.10-15
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6. BlEAER; MPCDE

=5l FAZ B ENE

Ll

H
V!

MPCZHRU TI5F V&SR 172 B 80&E%r CKIRT D
NOER=EEZHMUILERD/\ - ROI7E (hX45, #X], GNSS, IMU) Zi8%E
AR EDHICHEAS EHIE (EDR ) LAa7s m S (R ) 2 0L, A EEIHOHCERZH TS (FRIXETER—ELIRE)
SIFREREMIAFIIRETNZFEETIUE GTEEREOINH)

Steering angle
command

Preview Road
alignment
Map/GNSS ECU
________ , /
1 P
Camera _:_’ Optimizer
: Prediction
I Model

.

|

—

Operation

Vehicle

Road

Target road

alignment

S AT LRk

Camera

o

v

IMU

—>

Steering angle

Vehicle

command
Optimizer
»| Vehicle |
Prediction
Model

behavior

MPC

R ATIEROIEAK

v BEERIT Vol.76, pp.16-24

1<
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6. B4R MPCOEH FAFEEE AL

FRIET)L (BHRPOEREBEEBEORFRZEINE)

TRIETILOEEAR
THRETIOIRRES

— —_— —

ae,HeacTirflg angle deviation Q'e 0 — Oref EHE QRS LEIOREDZDHIE

0 0 — 0,y | EBOBLEROEEOE BRI
) i o - RELELLE
Y — V. | ERhREEMOESERENMDE RE(BE,

Center line of a road

N 2 ;
re Ve Y — Y | sEfrhscsEmoBsERE TS
0 0 g
Z fye Y DRESME (SHELICH T B0/ MEDT8H)

xe = Aeﬁfe + Be% + Ge éref

. A Be, Ge, Co, H(SAREATH
ym = Cexe + He Qref T

IRREFSIETN {

T . 7T
ym:[JCeT 9} :[99 6. j’e Ve o 2 9]
t t

RIS I-L1b
v BEEERIT Vol.76, pp.16-24
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6. BEAR; MPCOEH FISBEE

L]
|_|
O/

miE{EERE

\ IZfEBIES _ -
%zﬁf@?ﬂ? FE OZEE  mpmiEs R iilESE2Y
. (T 7 lz 5 lz T ) 2 2 2 2 2 2
mlﬂf Z qumf +7atl "+ 7ull dT ; (qlgta +q298 +q3y’3 +q4y€ +q55 +q52
i t i=1
T T T 52 . 2 2 d
s.t g» @k Bk + @10+ vant +rau” )dt
Vemin = Ve = Vemax EHRIEICLBHIHY H R FIE S
umm é: H é umx };T%ﬂreﬁ}g%@%u’%fg a‘_l/’f I‘ %“fﬁ] ée Tﬁi*i:ﬁﬂ@qﬂ‘bﬁ(:i’i’jﬁé
- < * < . . 92 mﬁq]‘t‘ﬁa)a%%czmmﬁﬁiﬁ%m§j‘é
Umin = U = Umax FIRAOETOE(CHOHKI 6 |BOIEEOERO 01T — LA F 25l
35
v QPYILNTEEIL B L | BEROREEZ (R T 5
. Ve el B X OEAE L 2455 ) 2 Ul # iz
I S5
* * * e T AL — A 5 | HGMOEmEEEIE ST
w' = lui ui. 1 Utsp- 1] SR ;| BEoREEMAS
T X Ty AN X AHEHELFGIEIA D
WIE L% 3 5

EYDEZFRZIENCATIHEHIA S
v BEERIT Vol.76, pp.16-24
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=5 FAZEBE AL

6. BlEAER; MPCODE

¥R X
Distance 30m 80 m
o e 20 S —
Preview B Camera available range ) Using map data

porommants 4@ Visible range
Road j one curvature
allgnmentT E variation

Short preview distance Long preview distance

Optimi-
T e e -

Prediction 35~50 STEP Is suitable
horizon under 0.3 G driving

ER60km/h, HIEEIHAO.1s£9%
Case 5: 15step (1.55) =25 m
Case 6 : 35step (3.55) £ 58.3 m
Case 7 : 50step (5.0s) = 83.3 m

v BEEERIT Vol.76, pp.16-24

FRIXRBIC LD ERFIEDIHE

Prediction horizon

Case 5: 15 step (dotted line)
Case 6: 35 step(solid line)
Case 7: 50 step (dashed line)

LE
N ——

l( Kanagawa Institute of Technology, Advanced \Vehicle Research Institute (VRI).
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6. BEAE R MPCREEY— )L

B MATLAB Model Predictive Control Toolbox

https://jp.mathworks.com/products/model-predictive-control.html

B Autoware mpc_follower

https://github.com/autowarefoundation/autoware_ai_planning/tree/master/mpc_follower

1<
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6. BEER; B (NH—RE—FOL K

H—%E— X0V AF Boss | DBIELEREBE Motion Planning JES1—LEMFEENTUS Ly
Model Predictive Trajectory Generation(MPTG)(CL>TENEZERKT S P |
BB AR I DBROMNA > hDY> T (CLattice Plannerz{Ef ES T T T

REREATH R IR — > R TE ) F %

~ Vehicle
Controller
o |

Motion Planning

https://www.ri.cmu.edu/pub_files/2007/4/Tartan_Racing.pdf
https://www.ri.cmu.edu/publications/adaptive-model-predictive-motion-planning-for-navigation-in-complex-environments/

i« 42



6. LEAR; FHl (DH—RF—AOVKFE

Model Predictive Trajectory Generation(MPTG)
—%FF

Initial State x, == Vehicle Independent @ Vehicle Dependent

v HI=RF-X0VKFE (CMU) DHoward&Kelly
(Cdo TR ENBEERL 7L TV A

R : TP TH GEBSRRORIERES)
Parameterized ___ Motion
e e Controls u(p.t) ’i Prediction
v O-HIVEEAOFEITOIRERIEZETE I B2 il B Vehicle Model B
JAT—RSZaL— Trajectory (Vehicle Simuation) EmETIL
(L, 77"9 I*JNJIJ—VEIJCU%E(DEL\E SAVICEDEINS Generation
w A—AE1E1L {Mumerical Optimization) Dynamics Model
METIZERLT, FENEEEHEDE 5'“‘“"“ |
EEZE%%/EIHJ, EE#D‘?’J‘(:@%J:D(LH_L'fB [S— i Wheel/Terrain
Solution ] Interaction Model
SNrEEEZAE/MK IS (MPCIOEVWERTT) |
Determine Motion Model
Residual
_Hotio!l [
v BLEEIINASADN EIFEMALU TR Simulation | )
C(if-:.:::i:en Suspension Model

Solution Trajectory
x(t), u(p,t) A

https://www.ri.cmu.edu/publications/optimal-rough-terrain-trajectory-generation-for-wheeled-mobile-robots/
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6. BLEAERL; F6 (Nh—RF—AOVKF

ERETIHOHEERS E
Bl R BB DIRTEDIRES BB R

BROREREE
ERTDIHIC, B
FRAEUDERNSHETS
|(CEMLO-H
IVI-)VEBE

] EIERESR

MPTGICELDERSNTZ
) BEY T E:
COPNS5FZEERBLT
RERHPIEZIERID
FRIEEY)

- B IEEY)

Bl QIR DR \

EET0T0) / ]
B/ NERE T

BB
tt

https://www.ri.cmu.edu/pub_files/2007/4/Tartan_Racing.pdf
https://www.ri.cmu.edu/publications/adaptive-model-predictive-motion-planning-for-navigation-in-complex-environments/

1<
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6. LEAR; FHl (DH—RF—AOVKFE

BHiRRERY — O ETIROIE SRS E [ State Lattice Planner]

a)

-State Lattice(IREEARF ) EIF(IN 2R FRZERIZE A
B> TUDI Ul ) — RTA&EFEAERK

%/ —R4RTT(X, v, BIE, BER)DIRREZFFO Lattice/—ROYYTUSIFiER (RRSIECTHY TSI FiE%EIRT3)

-NR(SIFTA P2 EIZH TO]dE

SR TEBOBEIEMPTG TARS Uniform terminal state sampling Focused terminal state sampling
5 BREOIURICER—IRICH > TSI BEROAmZERNICH>ITUS)

d)

ZOft, BIRISESIY> TSI EEHD

https://www.ri.cmu.edu/pub_files/2005/9/ISAIRASOS5. pdf
http://vigir.missouri.edu/~gdesouza/Research/Conference_CDs/IEEE_IROS_2009/papers/0877.pdf
https://www.ri.cmu.edu/pub_files/pub4/howard_thomas_2008_1/howard_thomas_2008_1.pdf
https://myenigma.hatenablog.com/entry/2017/07/21/115833

—EBDETEZATIA AL T BLICLDERILH P EE
Gt8BRHT 5255 N UHHHFAATH)

AR NANIN
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6. B4R Lattice Planner3EE4

m Apollo
https://github.com/ApolloAuto/apollo/tree/master/modules/planning/planner

B Autoware

https://github.com/autowarefoundation/autoware_ai_planning/tree/master/lattice_planner

m ROS (fBAN)

https://github.com/larics/lattice_planner

m Python (BAOH>TILI-KR, MPTGOY>TILEHD)
https://github.com/AtsushiSakai/PythonRobotics/tree/master/PathPlanning/StatelLatticePlanner
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6. BBAER; 5

25l (Ah—RF—AAVKE

DUC#&OWenda XubOFEH| (ALRKFEEN—RF—XOZKZOHFHATR)

3RZBIENF(F 4 RZIEN TR > M ZFEEU TROSNREEZ £ B,

Path Set

2 \—NNEERRIL—LD—7

Cost Function

Velocity Set

Trajectory Set

The Best
Trajectory

Lo
=
o]
o]
o
fan)
-
=
=
=3
N
w
=
=]
=
[

NZAEREZR 2 (BB ZERL,
JANEERTRANMI BB ZEE UM & Z f&E1 b

speed (m/s)

lf___'_. % . 3RZIER
T IR 4RZBIETR
X 4 RIIETEEFTK

7r  IEERFEE

1 1 1 1 1
10 15 20 25 30
s(m)

https://www.ri.cmu.edu/pub_files/2012/5/ICRA12_xuwd_Final.pdf
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Rapidly-exploring Random Tree (RRT)&, BEMETIUCEBRUVIAIA LS 1L -3z BHEDETZClosed-Loop RRT(CL-RRT)(CKLDENE AR
RRTIZSALCHS TSI UleA > MW — EIBREUTUKCETT - ETIRENBENRZIER I HE (REMEIRIESNAL) .
CIREMORRT*, Informed-RRT* (ZR@IEMRIEENS)

CL-RRT FrwhitE Goal
RRT_ SR ot
D5 ML NEHY T
Si~ 25 P ok
¥ 0 vider crosell Road departure
QL YPUVZIN <2 »[ Pure pursuit EIHA]EEME 2 Infeasple , > Infeazible
Z1>MO—3IC A F1v/

Q@F IVIOKDIRA > bz

I _'l EmETl |_'

U_(::\E}JD oo * Bﬁg'::q:% Input to the controller
@T-ILETHEOIRT > PIDHl1E -3 EAR A === Predicted trajectory

® ® Stopping nodes
“ @ Obstacle
Car

I https://dspace.mit.edu/handle/1721.1/39822

1|77 I,z —3,7> http://acl.mit.edu/papers/KuwataGNCO08.pdf
J) )l/;’f‘b‘/‘ll/ >3~ http://acl.mit.edu/papers/KuwataTCST09.pdf

https://arxiv.org/pdf/1601.06326.pdf

1< 48



6. BNEAERL; PF-RRT

RRTRORAEELT, /N=F12)LJ4)9(Particle Filter)Z{ERUILPF-RRTHYYF1ES 3.

IK=FAINITNAE RIS EEZE DTN —TA I EFENDT —FRHCLOTAEMRIICRIR I DIRAEHE TS (BIRHINAZXIIIN—TE) .
OEENREMIREE (BIRPR, BEER, BEEMNSLZERIEMEZHER) ZHENREVURE
QEMEENET B S TERO/N-F1 7 Z2/ERk
QMR DZECLOTN—FT1 N ZEHTT
@N\—T4 N DIRREEDNNEF 12 L5 E TIHBIRBNADRERZ1585
OD~@ZRRTOLITALCH YTV UIRA > R TIRDIRL, ELEIZ MR/ DHEZ IR

i
FBABIREE :/E*“ REA | B g e
[ i Sl o-oo-o-o @)
I | v
| i P
| K i O
j () Ei;’ﬁ;) L%, > - DD SSHLICHYTUSI RS N THRDIRL,
i — [ - FEIZA MBI BB R EIR
IRREDIEA il i / | , —@B
N ;‘Q/ H L] ® s 2%l 1 1 « & e N eveememeadle
RHER SR i a2 i ) =
i , i ~
i %L’fm i D e
' L = =

v BEEEERIT Vol.76, pp.12-13
v https://www.mitsubishielectric.co.jp/corporate/randd/list/mechatronics/b236/index.html
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6. Bl EA R Werlingb D Fi%

B BMW, BOSHE, H—JILA—ITHRKXE HEHRZ

B DWALDROHOSNRENEZLERM TED

B BRI OEIERZEREL, CORIEZRTIBEZEN TS

B FLUEREOLERK SsEh S, dEhAERIL (ST, {EEhzRFRIteUlzt-sT 2@, t-dEE EOBZESFETO 5RBiRzERIES,
MEBZHEEDBIERNOEFBIREOZIAMERL, JAMR/INRDIMEZEIRTS

B RE2OLEEE I GU TORN

COEIRBBIZERZLL T OSSR D
JL% - TUIEH (Frenet-Serret frame)
-ENZERE (moving frame)
-SD(&h)RAZR, SLEERER

x(t) = ('s(t), d(t) )

SSHRICRER BRI CHRIER)
M BRR, J-F—ZREEKICEOIRZD

SRloaor ks : RS H—TETROBGEEE T
. BRI B BERADTHNNE

BRI (UIPL O AS(Y)

i https://www.researchgate.net/publication/254098780_Optimal_trajectories_for_time
E%ﬁﬂﬁ'ﬁ -critical_street_scenarios_using_discretized_terminal_manifolds
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6. BEA L Werlingb D% EEFHD

https://github.com/jkpld/SDC_ND_T3P1_Path_Planning
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6. BEA L Werlingb D Fi% EIZHFHQ

m MathWorkstt MATLAB Navigation Toolbox A
BE#X : trajectoryOptimalFrenet
https://jp.mathworks.com/help/nav/ref/trajectoryoptimalfrenet.html

H>7)l : Highway Lane Change
https://jp.mathworks.com/help/driving/ug/highway-lane-change.html

Chase View Top View

S,  ootral [T

infeasible

infeasible
not evaluated not evaluated

Highway Lane Change Test Bench
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6. Bl EAE R ; Werlingb D F % 78

CL-RRT*>Lattice planner(CLEATEZDBIFRNEIE SN CEEZ LKA TSR

STEIAMNMEL

AT PV T RA = OBNENE LT B IHEN DD
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6. FLEERK; ApolloDZFE4Hl

T—%T)Fv

B B ——

Localization |<------u-==-----1 HD Map

Y ¥

nnneead Routing =

Sl % MR (Apollo Go) ) n :

Prediction -------- :

. ; v v
https://www.apollo.auto/robotaxi/ beomees > Motion
Planning .

i
4

Vehicle B i) i
Control =

Haoyang Fan, Fan Zhu, Changchun Liu, Liangliang Zhang, Li Zhuang, Dong Li, Weicheng Zhu, Jiangtao Hu, Hongye
Li, Qi Kong: Baidu Apollo EM Motion Planner, arXiv:1807, 08048, 2018. (https://arxiv.org/abs/1807.08048)
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6. Bl EAER; ApolloDEH| 72 11

& R

GPS, IMU

LiDAR

https://www.apollo.auto

Localization

\ 4

RTK localization

R multi-sensor

“| fusion localization

A

Localizationt>1—-)l

Front 6Bmm
Camera

Front 12mm /]
Camera

Perception

Traffic light
Component

Temporal and
multiple traffic lights

Y

recognition

Camera
Component

128c Lidar

Front 16¢

Lidar
Component

Lidar

Rear-left 16¢ n
Lidar

Rear-right 16c

Lidar
Component

Lidar
Component

Configurable
Sensor Fusion

Lidar

Lidar
Component

Front Radar

Rear Radar —

Radar
Component

Radar
Component

Perceptiont>1—-Jl

Final

" Traffic light

Final object

_ with type,

distance &
velocity

1<

55



6. BUBER: ApolloDZEHI EMTFSL F—

RIS IBHREHA

=TI EZ1-ILNB0E

ULFL—>BLUS I — > DEEhEEnE )\ —
WATUCGGTESNEEMRLANIO#IEZ LEE T BE(C LT

Data Center

EM Planner

Reference Line Generator

AN

HUBZIRTET D

FRENYTEFEIBIRICEDE,

ReferencelLinel&@#H4E Rk

. : S} SEMERE
JL% - CUEHEICEDVWT) ZERE ORE 80K T (OB, RENEE)
?ﬁ%ﬂ%tg}g@ﬁ%ﬁ{b@k&b(: ) E}J Hl\] E‘I‘@ﬁitxja{)/\‘— Reference Line Frenet Frame Reference Line Frenet Frame

ADZIRETELR A ENTE TEA
BIL-), BEEVMORE, SFINESHEZREIRFICNIE
FRHDAT—FTINTRENESBIL—LT—)
BEIFCARROH A EITS FUADM 75 (HERPIEE
S8HRIEIZ(F200mM AT TOFEZ LA
ZR BRI R

Optimizer

SL Projection (E-step)

Path Planning (M-step)

ST Projection (E-step)

Speed Planning (M-step)

Optimizer

SL Projection (E-step)

ReferencelLinefE(C
I REREDERE(LZ

Path Planning (M-step)

HROIRUEIT

ST Projection (E-step)

Speed Planning (M-step)

!

Reference Line Trajectory Decider

BRANERE

Feasible Car Trajectory

Haoyang Fan, Fan Zhu, Changchun Liu, Liangliang Zhang, Li Zhuang, Dong Li, Weicheng Zhu, Jiangtao Hu, Hongye
Li, Qi Kong: Baidu Apollo EM Motion Planner, arXiv:1807, 08048, 2018. (https://arxiv.org/abs/1807.08048)
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6. BNEAERL; ApolloDEH [BEIEMTILIYX L

v EM7IIVALGBERT —IDHERET) (BREEHRZ2STHRDMAARL/SA-Y) ZHE (RAME) IILHOFE
v EZAFYTEMATYI 2RI 2F THEDRUEITUEZITS
E (Expectation; BAfFHE)ATYT : IREEESNTLVDBEZHONMCEINT, EFINOLEOHFFEZETE
M(Maximization; & X{t) A7vT : EXTYVI CRFEAEDHFEEERILITDLSR/NTA—9%23KRDHD
v B35 I3A) T TR D—FiE
v HEWMFEE, BFioa, RFORRECAHVBNS
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6. BEAE R ApolloDEH NRAEFEEDFHEIL (EMATY)

E-step
FRFEEVLERIEE 2 ILR-CLARE(S-L

PRARR) (IS5
(BREENL, EEVORENFE TEH)

M-step®

-DP(Dynamic Programming; 1Y
STEEE)RN—ADINZRE

XLattice 75>F—~"—-2X

M-step@

-QP(Quadratic Programming; —
IRETHERE)R— 2D/ RTE
X ATFASTINRAZA L=

¥

¥

E-step SL Projection

E-step ST Projection

DP Path Decizion

QP Path Planning

DP Speed Decision

QP Speed Planning

Path Profile -

i
¥

E-step
AR PEEVIL BRI PEE V)2 S(FIAMEERE )&

BERIERDT S T(CH%E2 (S-TEEAZER)
X RS THNEEYETITH—HERBS
FRrawE>s

M-step®

-DP(Dynamic Programming; E1#J
STENE)N—-ADERRTE
%STJSIN=2R

M-step®@

-QP(Quadratic Programming; —
IRETERE )N ZADERRTE
KAT A TRERZAL-)

Trajectory

- Vehicle Control

IR E]

Bl e

EM7ILJVALDKRIEETE S E(E-step, M-step)Z2&Z(CUTVBIEIIT, RAHETEIITO>TVRVEIEEENSS
EIRETIERE | MREDIEBZIELOE D RIEICTEIL, EPDBROFTEHERZERUBHSEEVTUKFEZ TR TIOMEA.

Haoyang Fan, Fan Zhu, Changchun Liu, Liangliang Zhang, Li Zhuang, Dong Li, Weicheng Zhu, Jiangtao Hu, Hongye
Li, Qi Kong: Baidu Apollo EM Motion Planner, arXiv:1807, 08048, 2018. (https://arxiv.org/abs/1807.08048)
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6. BEAE R ApolloDEH MR TV T

M-step@® DPA—XD/VRTE

Traffic | Lattice Sampling
Regulations | ... Strategy
vy :
SL Map&Obs. | ! | | Pointwise Cost .
Info. Functional Path Lattice

...v..........._l

Vehicle Dynamic Dynamic Programming Search

Lattice Planner

¥ : L J

E-step SL Projection E-step ST Projection

[— g T

Cost Functional Linearized Constraint

_..v..._............._..l

Spline QP Solver -

JANTE

¥

M-step® DPAR—XDELRATE

Cost Discretized
STMap&ObS ™ £ ctional ST Grid
i e gt j
Traffic L]
Regulations | { | Dynamic Programming Search
Vehicle | | — ¥ Y v
Dynamics DP Feasible | | Speed
r Speed Tunnel | |Decisions
iR

/

3 : ¥
T M-step M-step
‘r H
DP Hesult DP Path Decision DF Speed Decision Y]
Feasible Mudge
Dl,j Path Tunnel Decisions :
i / QP Path Planning QP Speed Planning
I Path Profile i
“ o— s --------Past Cycle Trajectory -~ Trajectory -» Wehicle Control
M-step®@ jQP/\—Z(D/\Z};"&E
Smooth Feasible Vehicle
Functional DP Path Tunnel Dynamics

M-step@ QPAR—ZXDNEEIRRTE

Fanctional || DP Speed || el D::ﬁgﬁi?:s Fle;ﬁ:tlii:ns
E— gt
Cost Functional Linearized Constraint
Spline QP Saolver Ssrg:gjh XA—D\/’J“
SNICEER

1<

Haoyang Fan, Fan Zhu, Changchun Liu, Liangliang Zhang, Li Zhuang, Dong Li, Weicheng Zhu, Jiangtao Hu, Hongye

Li, Qi Kong: Baidu Apollo EM Motion Planner, arXiv:1807, 08048, 2018. (https://arxiv.org/abs/1807.08048)
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6. BiEARL; KAIT

[Hh¥REEIR R E AW B EEESIE 7))V TV X LICEET S
AFy74)\WAF)> - OV (BRI IRKRE BEnER - EiBARE) 2021E38ELTH
(https://cp.kanagawa-it.ac.jp/wp-content/uploads/laboratory_c11_2020_06.pdf)
v O—-F-tmEZZREULTEBIREESLS A

v Waypointf&% X751 > @k
v EfREI-F-ZERRICEDIRSS, SDEEMZZR (IR~ LIZE ) Z(E

EIEOH.LOWaypointz A5 ik EXEER
Xi-2,Yi2) oy ﬂ
. v Sl —
Xi—1, Y1) | : A /’7 Ry
:X /

@ EEEOLICSDEMEREER

(Xi+1ryi+1) SD’E*%%

ego 0= FANEERE (s)

Cyclist

e

Si+3

—
=
EZAL (d)

(Xi+3' Yi+3)

https://cp.kanagawa-it.ac.jp/wp-content/uploads/laboratory_c11_2020_06.pdf

https://revistas.udistrital.edu.co/index.php/reving/article/view/9574/11565
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6. B EAR; KAITHZE

IIInI
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T XL AR T EBEREIE#UICIRE
WEDER | | onmr ey = REFE I N S AT
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= e HRLEEEROAEERT HEVBLOFH
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https://cp.kanagawa-it.ac.jp/wp-content/uploads/laboratory_c11_2020_06.pdf
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6. BiEARL; KAITH

=151

Jlinl

v

1TENGTE | OREFHETEET )

7 ERV)CEEORESRIC
129 DIEAR

ﬁ ego vehicle

y [

I
€

Ssi ght
SOEPEIMN L ERYIZ COE IR TV BHRE

https://cp.kanagawa-it.ac.jp/wp-content/uploads/laboratory_c11_2020_06.pdf
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6. HlELR; KAITHARSE

InI

=

=151

1TENETIE : QREFOFHEBE DT RYD (KT T DITENZRTE

d“ == 0 { = tuuj.s
B
}q iy v : S
E- ego_fin E oc ﬂﬁ]‘
J Sm ?

IEUDRARC
X EIEEHRD S BN A E 3 pRIE
CZICHEENASRIFNIEEL T EE

https://cp.kanagawa-it.ac.jp/wp-content/uploads/laboratory_c11_2020_06.pdf
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6. BNEHERL; KAITH

=151

Jlinl

v
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FREREEAE R FOEENET )L : “EREMETIL

AREDEE
WEDER | | _3BLY LTYX L EE
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EEORE
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https://cp.kanagawa-it.ac.jp/wp-content/uploads/laboratory_c11_2020_06.pdf
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6. BiEARL; KAIT

HEHI
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HEHI
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7. FEOFE; (D@EFERLD

<N X X

b= E(RL; Reinforcement Learning)(d, IREDIRRETI—T10 MEEREEAR)NEBNEITENZATE I dMBEZIIOMIRFEZD—1E
I-210NMITENZEIR T R ETIRIBNS HRBIZ 1S5

L FE B L —EDITENZBU RN EREZ 185N 3L51 5K (policy ) 2FE I3

DFD, BEFBLEIAROFE(LRIETHD
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—— $REABI% r=R(s, a) LT
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) “ DBV B BRI DEBHER 1 T 5
S RBE R E LRSS B TREIL BRI B ECRISRRRIEIZIR (y) LLSHERESENT
(AFS)

<

y

e FREEL a=n(s)
| T REGEL | HBIREESOIFOI —> 1> bOITENZ 1T D%
hosE b #{EEZZ0EMN

https://ja.wikipedia.org/wiki/%E5%BC%B7%E5%8C%96%E5%AD %A6%E7%BF%92
https://twitter.com/ogawa_yutaro_22/status/1399831931311644672
https://qiita.com/triwave33/items/5e13e03d4d76b71bc802
https://qiita.com/shionhonda/items/ec05aade07b5bea78081
https://qiita.com/fridericusgauss/items/aa5215c29646963bda29
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BHETEIE

(DP; Dynamic Programming)
XIBMERT — A (3@ P A2

E2FHINOE

XAEMRT — AT (3B A R %

TDE
(Temporal
Difference
Learning; B
NZEDFH)
XA

fiifER—2R

XORTEmEY, BHENEY

FEHA-2

KRR, R
(O NI ESIC, 47
BRI ER RIS AT
STHOEEIENN
3)

7. FEOFE,; (1)@EFE FE—E

DQON
Gorilla
Agent57
Actor-Ciritic

HROOLE
PPO
Soft Actor-Ciritic

1992

1994

2013
2015
2020
1977

1e1e2
2017
2019

3
by
aw

XREPDEEZAEERDEB D FEIRACDEIL, BRI
DT ERR2ERURNSHEOTIKEFE
RIFZT2(ICETIUETERIHAIERDFE

RENDHZFADC, ITEMIMERSEREHETE T 57574
INERETICRFREIN D ND

FHARFCHREZEBULLRY, RAREMNESNZS
tOHHEBULTITEN ([55ROFF] : UAIH %> TH
g L e AN Y 2| ),

FEEHITIREERID ([755RON] : YURV%Z(E]
L CGEETBL 5 ERERD)

Q?EEE (‘—_5:‘,{_7’5 _:)/]‘ ﬁ};ﬁ https://web.stanford.edu/class/psych209/Readin

gs/MnihEtAlHassibis15NatureControlDeepRL. pdf

DQN’(‘EH@J ﬁﬁi https://arxiv.org/pdf/1507.04296.pdf
DQN %?ﬁ%ﬁ https://arxiv.org/pdf/2003.13350.pdf

TEY RO BACtOr (fTEES) % BIEERELAN'S, 5
s 5 9 3 Critic(STAMiss) bR B LS

T RBEIE RN L BCERE TRETL

7'3—%@ ﬁﬂiﬁ%?ﬁ%ﬁ https://arxiv.org/pdf/1707.06347.pdf
Acto I"-CI"itiC/ZF{'EEi%—[ https://arxiv.org/pdf/1801.01290.pdf

https://arxiv.org/pdf/1812.05905.pdf

https://qiita.com/shionhonda/items/ec05aade07b5bea78081
https://qiita.com/fridericusgauss/items/aa5215c29646963bda29
https://twitter.com/ImAI_Eruel/status/1303677795806056451/photo/1
https://www.slideshare.net/vutaroogawa1116/20200925-238655136

NENENEN
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7. FEOFE; Q=S IRL)

v HRg{EFZE(IRL; Inverse Reinforcement Learning)ld, @b FEBE(IH(CAREGNRITEIZ R I BENT — 52 F B I DL CIRANBIEZHEE T
2
v B{tZEBCHITIRIMBEEIAFTEERIDIDLENDDN, BRI —TEREHTHD, CORZH/-T3

s{EF & (RL) WsR{EFE (IRL)

| oz | SOEE%3 e |97y | mRBETRT-

-

<
-
<

57 =22 REITEIZFEZL, 1THIRRGEREN)ZHETE
|ﬁ%£@| |$M%ﬁ|

https://twitter.com/ogawa_yutaro_22/status/1399831931311644672
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7. FEDF%;

()Rt FE FE—E

B T . I T T

VAL

\/I

7=

NRAZXHETE

ALY MIE-
JRIE

v STEREENT — I
=

v HHIADOTT, IR
= bOFETNEEND
MR N THETE

v SEEREEDT TR
THRBRIEENMTAS

v’ RN BEEE BEEUT L
LRCETRE

v SEEREENT -5 TR
THHEETED

v BECENBERTES,

S~ TR
aThE

WRIZET ERF SR L2

2000

Apprenticeship learning 2004

Max Margin Planning 2006
RASTE b F 8 2007
Map IRL 2011
Scalable Bayesian IRL 2021

Maximum Entropy IRL 2008

Deep Maximum Entropy 2015

IRL
Guided Cost Learning
Adversarial IRL

2016
2018

wRAZE TR LU CRRANBI £z %<
HREZICHULAREZ RS
BR—MJHY > (SVM)%fER
EOTHIOEOSTEENRE
EOTHIOEDTEENRE

EOTHINOEZERULBVWASTEEN SIS

IREMRE A AR BEEN I l. A TA
BOENBASNECET, T4—T5—-271(C
BhHoTw

F4—T5—-2> (L &BMaximum Entropy
IRL
Adversarial IRLOFIS

GAN(Generative Adversarial
Networks : BRI BIAERARY D —0)Z2fE
AUZIRL

v' https://opac.ll.chiba-u.jp/da/curator/900119578/WLA_0036.pdf
v https://giita.com/shiro-kuma/items/aaab6184aea7d285b103
v https://ai-scholar.tech/articles/%E9%80%86%E5%BC%B7%E5%8C%96%E5%AD%A6%E7%BF%92/scalable-birl-avirl

https://ai.stanford.edu/~ang/papers/icm|00
-irl.pdf

https://ai.stanford.edu/~ang/papers/icml|04
-apprentice.pdf

https://martin.zinkevich.org/publications/m
aximummarginplanning.pdf

https://www.aaai.org/Papers/I1JCAI/2007/1]
CAI07-416.pdf

https://www.semanticscholar.org/paper/MA
P-Inference-for-Bayesian-Inverse-
Reinforcement-Choi-
Kim/8c802ca0f26177d2dda7664778ab7bb3
337edfb7

https://arxiv.org/pdf/2102.06483.pdf

https://www.aaai.org/Papers/AAAI/2008/AA
AI08-227.pdf

https://arxiv.org/abs/1507.04888

https://arxiv.org/abs/1603.00448

https://arxiv.org/pdf/1710.11248.pdf
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7. FEDOFE; QERMFEEI)

v BIMEZ((L; Imitation Learning)(d, {R&EHRITEIZRIBENT —F2F B IR L THREEZHETEITS

s{b= & (RL) PI{E5 3 (IRL)

| SRANRSEK | |%5IEfﬁ?“—/9 | |$&Efﬁ%“—’>" | BB
23 Eaes 2 EERTEELEL, SEEE
| SRR | | SpANRS A | | 5 4R |

https://twitter.com/ogawa_yutaro_22/status/1399831931311644672
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7. FEOFLK; QOBRMFE FE—E

17810—->(Behavoir Cloning)

DAgger(Dataset Aggregation)

Wt F BRI FBOESE

GIRL(Generative Adversarial
Imitation Learning)

SQIL(Soft Q Imitation Learning)

1R

2010

2016

2019

THR/)C— bOEEFERAEL.
BESNDIRRSHUTHESS (—ERESLEIETERL)

1TEIO-> DR ZRARI DI, FBEFCIFA/N-POIREET —FHICEHOF  hites:/ariv.org/pdf/1011.0686.pdf
BROGRICEPITET —HERTAATENIRUVBEFEL, ARZEHRL TP

T, BENDIRR(CHEOIZEL TEIF RN - MOITENCEHETEZLI(CT DL

B>

XD 2 BEFEICEOTITD

OIFR/\—bOIREATENEEETT —IEL TIRLZERITLU CIRENRE% 2153

Q@IRLTS/cERBNREE 2 A D EL TRLZEITL T REE%ES

EERMTEIIO0-24D, IFR-FOBRERE)ZFEIHET, HHRMELE

9BESND

Wt F B F B DS RICLAIEMEBOMEEZZ A 5L, GANEEL  httes://arxiv.org/pdf/1606.03476.pdf
BIE(CRBIENS, GANICLH TR L FE B FBZMSL T —LIDFEAET

5T T CEBLOCLIEBD

% GAN(Generative Adversarial Networks; BFHILERRY NT—2)

BUFD 2 D03y hN)—H%555Ec 83 TEE (BT HFEE) IRy NI -4,
ANT=AIFEBURT A2 ERR T DN TES

-Generator(EEhT — 4= TT —F%ZERK)

-Discriminator(GeneratorhM R UlcT —YDEE#IETE I D)

{TEYO0— MBS Y TR TFETCAILE EELRES, Pttps:arxiv.org/pe/ 1905, 11108, pa
1TEO—> TIHR)—~ MOITBINBIMIERECAT I 7155 75 (FREEOICS
3)CtT, GAILOEZAEEDAND DEMR(LFBRU TR TEBLLTUS.

v' https://recruit.gmo.jp/engineer/jisedai/blog/imitation-learning/ v' https://qiita.com/ikeyasu/items/512e0f42e3845068f433
v' https://ailog.site/2019/11/11/word6/ v' https://tech.morikatron.ai/entry/2020/10/12/100000
v' https://qiita.com/3110atsul217/items/c44130d59a0406b148c3 v' https://kiyosucyberclub.web.fc2.com/OpenAl_Gym/Gym02-03.html
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7. FEOFEK; QORMFE FERME

ILOEFEERICFEEDD
TEO0-> DAgger
| 555 | | 516555 |

A 4

A 4

B

|H%%§I

ITENVZEERE(CERD

HBEDT —HCFEBRDF
RICLBTEN/T — YRS
BT, EESHDFREIC
I BEREF AN

BT

TR ORI (FREN)Z
L TERD
2 BREOF BN E

LT LS EOEAE GAIL
| BT | | BT — 5 |
s __ weabem | *
4 —_ GANIC
| SRANESES | _ || &3
— =239
237 __ aa(pem
| - |

B

W b F B L F B %
GANTHEL, 1EOF
B ORDLICLE

SQIL
| T4 |
. T2/~ hFTED
F& SRR RFIL T
*¥523

A 4

B

TEVIO—RFINT1%Z

IBANISHIET, HaR{bF
BT, GAILZ E[EIN

DL

1<
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7. FEDFE; DedFEALD

v

BEENFE (AL; Active Learning)(d, EEAHDEBICHWVT, BENICT /T332 IRET-HEERTEI D LT, EM(CETITBLLH.
UTFOESRFENMFIET .

(2]
ALOZNRZFERIIR I DM OFEITD
fijEE R Data Augmentatioz 8 AURZAH
SRBEDTE
https://arxiv.org/pdf/1912.05361.pdf

v Membership Query Synthesis
ETINOFBICEMNRT -2 UBCERRTD
v Stream-Based Selective Sampling
BT BN EMIIBNESHHIRTS
v" Pool-Based Sampling
K7 I)T-23207-90%EE (T-)) hb, ZFBHROSVT—72HMETS (TR, mH—ARH)

FEBRHETIN

A4 5y5)

FE
>arm a mode . -
learn a model machine learning

ﬁ model
v’ https://burrsettles.com/pub/settles.activele
arning.pdf
v https://www.slideshare.net/shuyo/introduc
labeled tion-to-active-learning-25787487

training set v https://www.mamezou.com/techinfo/ai_m
achinelearning_rpa/ai_tech_team/5
372 N« by A v https://tech-blog.abeja.asia/entry/active-le
K7 IT=2327 =57 arning-20200503

7I)T—23ViE

HEmT -5

unlabeled pool

U

FEWROSVT-IEEIHREL, INTIERMARE (V1Y) 93.
BRA IR AN DS,
5l : Uncertainty Sampling ; #iafaROAMEEMEN VT -5

select queries
oracle (e.g., human annotator)
7)7—=3 (A37)L)

|

HEHT —HISEN

1<
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8. FEFALV=EH; (1)Waymo HIE

B 20201087V FMNITIZvIATEE A BEIEEYT> —[ Waymo One l;ERRLA

« SafetyDriver3E¥&3E
- EEE, TrustedTester®IHNSERAZ(C—RRICHLART S
B 20228 3 AY2I3 S ATTREEEABEHEIRAYS —[ Waymo One |:ER LG

- SafetyDriver3Ei&3E
- IRTE, EXEEDH

514 Waymo Driver

[EdLidar +
BEhAET3>> A5 A + Rader (i£h)

(SZ]INHTSA2022F6 HFXR
2021578 LABEO B EhiEERL NI 3~50
ADSEE SR

Waymo 624 TEAI
https://jidounten-lab.com/u_35918

RIEEEHAT + Rader

BDLidar +
BBES3I AT A

> H1ERk

l 360°Lidar + 360°E>3> 2 RF A

[EZLidar +
BBES3> AT A

BEREDI AT +
Rader (&££)

https://blog.waymo.com/2020/03/introducing-5th-generation-waymo-driver.html

1<
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FEToU—

8. EEERAULV-EHI; (1)Waymo 4

~

B IRTEOWaymoD T3>+ —(SHmF B BRI R mEEED How a Driverless Car Works
t}-’—: _-5 0)_C , 1 O 0 0737 ,f ) I/LXJ: o)ﬁﬁ t§&+4%7,( ) I/O) :/E 1 |/ — Driverless vehicles use lasers, cameras, computer processors and software,

radar, GPS and lidar (light detection and ranging) devices to create and con-

A TTFARSENTHED , MRABRIFTUATEREDEILRERZ F 9 stantly update a 3D map of their surroundings. Self-driving car companies

also use artificial intelligence and machine learning to program the vehicles to
learn from their experiences and act more like human drivers.

H e AN M a2 2 == — = JLEE—=
TR FE(CLDT I —E3FETANEPETHD, 20184, Vision System Supplomental Semeurs
A V4 _— - A - f : [ Cy—
E | Y — High-reselution cameras with a GPS helps the vehicle pinpaint its location; an
7k jJ J77” [/_'_i (L.EF)éWa/ymOH:@tbﬁ E}JEE‘ETZ l\] Z 360-degree view work at long audio detection system “hears” emergancy sirens
c — — — EL . :
(Castle) TEBFAMATOILENE fenasenaimiowiant nuncreds offeet auay
Lidar
Emits millions
of laser
pulses each
second and
measures
how long
each takes to
reflect off a
surface and
return,
x‘“&
A =T D E =71 Onboard Computer Radar
%%iﬂk% = ?)7/ ¥ }@%ZECEI(DEI@ o Software uses machine leaming to predict how objects Radio waves track the
(56 4 tHfXWaymo Driver Chrysler Pacifica) on the road will behave; a secondary computer can stop | | speed of other objects
the vehicle if the main computer fails. around the vehicle.
v' https://sites.google.com/view/waymo-learn-to-drive/
v https://arxiv.org/abs/1812.03079 Source: Waymo
v https://blog.waymo.com/2019/08/learning-to-drive-beyond-pure-imitation_26.html
v' https://medium.com/waymo/learning-to-drive-beyond-pure-imitation-465499f8bcbh2 https://library.cqpress.com/cqresearcher/document.php?id=cqresrre2019020102
v' https://xtech.nikkei.com/atcl/nxt/mag/rob/18/012600001/00019/
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8. FHEZHRHLV-%F

=51, (1)Waymo 1

P ETTF—DYTNIITF—FTIF v

3
k=

RIS T

RIRANR

EFTDIRIEDIRRE
EE.E =2 110, A 4 gl ey i
AVAT=] i I—h Data Net Input Neural Waypoints = ] D =
—4— Renderer Net BB w1
h—FEEY NeuralNet® A BHlDIRZEE

https://arxiv.org/abs/1812.03079

DT %5k

ChauffeurNet

(BnEERk)*1 U CEE iz il

*1 F4=T5-Z27 (BEPHIRINF S ) (C L 2B LR S N2 R

1<

84



8. FEZHALVI-E

=451 : (1)Waymo NeuralNetl ChauffeurNet |

(AHT-%]

B

BEDESHEDIARE

il PRI

—b

REOBEMUBEED

BEAROIE

BEOBEERHE

EEEAEEE

BRI DIR % Top-down viewiBHRICL >5> )

ChauffeurNet
FeatureNet - AgentRNN
(CNN) ‘ ROBZICHIFS
e B EDIREE (BN %
ARSI BRI

[HH7—5]
FhlanremE, &RE, WaypointbLf
BE & FhlHeatmap

— [E

—> Waypoint

BEUEDHEERDHO

heatmap

FBHE | ITF AN = ML REH BRI & ZE T —FE LRI T

https://arxiv.org/abs/1812.03079

-
A
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8. FEZHALVI-E

=45 : (1)Waymo AHWT—52Q)

(a)EIsHX]

Hix, FLLIRH, \iisE, &aE
ZEDFLTLIATUIEhS — B

(b)iBEDESHEDIREE

BEDIALRATYICHIBESHED
RREZRI T —RT— VB
B3 (HESDIREEZRT

(7& : E2LEBE3L, &= HR,
BEEARER : IBFW)

(c)HlIPRERE

il BRERRE (CIGU CER AR DR B 3T
UIJL =R — IV EHS

https://arxiv.org/abs/1812.03079
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8. FEERAL=EH]; (1)Waymo AHT—4Q

(d)IL—b (e)IRTEDEHEMEZE (f)FEMADENIE
I=A—(CEoTEMEINIEBMIL—-b IREDIA LATYT DB EBEAE LRSS IRIBNOBNAT I NER, YA
(BEnBounding Box) DUAR, ZF47E)DBoundinBox®,
BEDIALS =T ABOMIEE EER
(BE)

.

https://arxiv.org/abs/1812.03079

1<
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8. FEERALEH]; (1)Waymo AHT—4B)

(9)BEDEBIE AHEHED/S5X—S GaXOEERES B 1E)
BEQE B BEESERS MBI o
LTCLoA T Uz B SR v EJTIVEHEE  0.2m/px

v BEOESPEEMAOY> TS
/j‘H§FE|E_| : 10s

v BEOHEHEOY T
/] 1s

— H:400px(80m)

\ )
1

W:400px(80m)

https://arxiv.org/abs/1812.03079
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8. FEZALVI-E

=451 ; (1)Waymo ChauffeurNet® E14E

v H4LATYT:0.2s

v EATOIER(K) @ 10[E]
= 2 EFTOMMBZ R
X X DEERRF DB

1735-—’9(@1%{) ,_————“;E.?g_e_nt
Rendered |}—
Inputs

Feature
Met

e
CNN

Runtime48& (NVIDIA Tesla P100 GPU)

Memory, M k-1

BEDBEIEES

Pa 51:_.-.

Locationsg

KEERITDZERUL

BEFIMIE(EE)

SHiTLEIED
BT RMIE

Predicted
Location,

AgentRNM

Pk

BEHsH
RNN

Features, F

FIBERNNHEERD
TS RIGIED
BN TUKA A=

LB Qe B ] BT
Rendering 8 ms B
Predicted
FeatureNet 6.5 ms éatgené
ox, B k AITIEBO

AgentRNN 145 ms E

. .-./ AW LY L t
Pe_rceprlonRNN X A& 35 ms Ag?a?wt St D
a5t 160 ms Box, B k-1 EEfE

https://arxiv.org/abs/1812.03079
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8. FEZRALV-FMH: (1)Waymo ChauffeurNet®D =&

ADT =5 (EiHK)
T—AE 1 2600514 (60H D OEFHEERIES)

Data AugmentationéUT, BE{IEZEE%S>4AIC+25°D&EH TolEx

(a) Rendered
Inputs
ChauffeurNet® XA > &35y

#%@&}&&CNN Feature %iﬂ“@%*“} |\'j_/7

Nt (f—— FBIC N — =T aN3Y TRy NI~

R DIFE$r o] e nhlsk
(on-road vs off-road)%

I \H‘ BDILBESMNEDENEZ
PUEHEHRNN Road Perception FRTBRYNT—2
Net RINN
1 )
[ Sy, :
EHARNNDE T L \1‘ — o] YR NI~
(1A%, ®E, Waypoint, Heading  Speed  Waypoint  f9TR TR | o S (EER Al AER SR AR I Y RY,
g@ﬂ%mﬁrﬁmeatmam / / / / \\ N { faOESEOFBIEDHeatmap)
IR (FRE) “_.“__"_' st wapdhe R cmmen 0l chisen M st
A A A L;’ i A - ,..\ /_\L /4
| |
BET—5 Agent  Droet  farget G Target Road perception
(I¢Z/ (— H:J:%*E"’EE@&) Heading =P YP Box Y Mask Boxes

https://arxiv.org/abs/1812.03079
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8. FHZXALV=EH; (1)Waymo ChauffeurNetDFE 1B8ED HBELALBE R0 —ERERS

v ANT-AO—D[CBEOBEEINSFEFNTLS. BEDEFETIFA/IN—NRIMINOEDTHS
fe&, ChauffeurNetlZi@BEEENSIMEITBLITOI F—MEFEATLED. CNIFEROEITRICIE
FEd . HIRIE, BUFOLOCHEEEEZMTONENHHS

—FHF IR TIFIE I3 2F B IBFRIC, HENT —YDBEOEIFIFZA/N-MRS//NOEDT
H3Y, BECHET (—FHELLECHAT) RERINTVSIEE0H;, —REIERSTELLT
B IEVSLICFEBINTLIIGEDNHD

NI 318, HERT—YD50%H5EEOBEEHERPRINUE.
CNICED, BEOBEIE(CFEDIBELRVWTHIRT I 3FEZ N elgeL ol

https://arxiv.org/abs/1812.03079
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8. FEZFHLV-EH]; (1)Waymo ChauffeurNetDFE EENSVEL)T—2DEM

v BEhT—AR-R(C, $EES)(IMEL)T—HZ/ERRL TENULE.
(22U, EBE7T—A0EBEN G TEZINRVELSIC, EHZ1/10L015)

SiELzENN

https://arxiv.org/abs/1812.03079
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8. FEZFHULV/-EH]: (1)Waymo ChauffeurNetDFE IRIEIE LK DEINNTD

v EENT —HCEZEOBHNRVY, FEBRCAD

ANT—5 BEMAT R BRIBKR(T)

RIBSNNA(CEZET LB BuE R UGS
EEVWVZIEIETERLI(C, BERBIFTHEERNKE
RDLIBFFIARRIERZEALL (FEZRIEXR)

EAIURAMELT —SICED, FRsRsy RS RaICERD |
FFRT-ANERENS. chasotEaLan: I J
52, EIREIBEIEEERIYAVREAL, JEE
BB Y BHB RIS AIBRNAZBS
&5, RHMAREEALE (EHEER)

https://arxiv.org/abs/1812.03079
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8. FEZFHULV/-EH]: (1)Waymo ChauffeurNetDFE IRIZEIE LK DEIND

v SAANICESRBEAEREN LS, HREnT e
Waypointz RS HRERNRE F LU WIRDBHERICT 1Y T ( p=
U, &WaypointhicnziRfid 2EaR MRS '
DO, FFRRMEREZBALURL (DAXNIAER)
BT DE SR 0] RE/R DRI,
o SRR (on-road vs off road)%
v BES B EhsEd mpus SRR SR
fDESESNIE DR B,/ IEERE I EAST sz W S
SHTRyRNI-HEigkmBNILEE. AgentRNNEED _ AR -Z>T2Nn35T 3y hI-7
FeatureNetz AEL, BIRFICRL—Z2093B2ET ek | [ [

\ \ y ) // § \ ——— 2R
FeatureNeth & (GBI BAZTRL—Z>J3NdlE wsdng specd waypore  AEIEEDX " iR
MEETES. whkGEomRaEEEE L S \_\ \ N
BEINFECFHIATS T T | | \ 7\ / WEHESLT

R N . B e oL

https://arxiv.org/abs/1812.03079
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8. FEARAULV=EH|; (1)Waymo ChauffeurNetDFE TXR/N\—FRFSA4/\T—2D—ERER 45}

v IF2N=MRIANOEENT —INNERFHImEN T, EBNURBIERME/NGHEESNRVLIIC, TFAI-KRS
A I\DEERT —HDHEE%S A NHEL, CNBOEHR% 0 LU (imitation dropout)

https://arxiv.org/abs/1812.03079

1<
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8. FEZFHUV/-EH: (1)Waymo ChauffeurNetDFE &ETILDERE

m EiEEEE o) l Colhdes ‘
[ Gets Stuck
n usony @R T
50Uh)\) AERERULECTS, B
BRI ThDEE
1TTETLS
. L [ Slows Down
B EVSGITEAN B Collides o
OXT I [ Gets Stuck
My My Mo Ms

My
BEDBEEINE M +BEEE) M, +HIBIEEK M,+IFX/(—hk M,+IFZ/(—hk
7 —45% —aBBRIt T —A2ERIt T —4550%BRo+
https://arxiv.org/abs/1812.03079 E5 4 : https://sites.google.com/view/waymo-learn-to-drive/

“ Kanagawa Institute of Technology, Advanced Vehicle Research Institute (VRI). 96



8. FEZALV-EMH; (1)Waymo FL LEEEE

v BEHRICEDPRILANIIVOARNRIRCLD, T-HNEL, ARELHHZzFEIEIEZERTSET

v EEROEER CIRINF B2 OFCEITIDLHCE, LEKRVTEIZEB VLTS DB RIERZIEMTIENBE. TNICLD,
TF+R)\—bDEEFT —HCEFUSRUVTEMIID BRIV R TUVRKTH, EZEPERINETZO I3 ezl EE(CLI
>HESKEABBRDLSBRMERFFEBTEITLRVDOT, RIRGILEHLWERDNS

v COETIIELE—23>T502207T0-F2BEMZZEDOTERV, INEEMZEZBSNITEEETIVICLOTRVLW—EHTHS.
LHU, eZEORMMNDD (IRY-I2RO7TO-FEDLEE, THR/N—MRIANOEETT —FHEEHIFFROREBR &)

v BESGRIEFEBIV—LT—-D(C8OT, 221—23>ET, FNTRERS FIAZRENISGHAE - BIRUTIOLIBEMFEZTE
FIVEsg{E I BN, FHCBELASATITATRIFIAT, CNEOETIDINTA—N >R %[E_LEE 25D
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8. FEZHUV=EH; (2)Sadat (Uber)oM A% EE

v' SadatbldUberOI>>Z7

TENT 5> —EEET 5> F—HETIRN

e L = — Iy 4 FevRae
v WaymobApolloDEHIE B EREIRE (2019FDLLEHIZILL e SRS B OEHE 5 E
) Learnable Sub-cost Weights
vV b=IR=ZAIREEY S UICE DT T T, EMAE RS FUARL
BTERVEER
ey o N " - B1E Y
v TETS - EBMET S - HETIA NI OEHEF S - BRI 12 I\'F"ﬁ*ﬂl X I\Fr"ﬂ*il
. . ) 211 3 Xz
KSR 2 (RSN BT —ANSLW, METEAROFEC 27 > i . w
FRINDD BOTEDRERBLLR I | g wre il
=W C
v 3R FE@’;’%&@E%@?%(C(IH@HE?E(MaXImum Margin Scenario 1 Sampler T(B) Select lowest cost f Trajectory fitting & Optimization u*
Planningi) L B A DE TEF f,’%x ?ﬁ%‘éﬂ
1T 1
v FBCT-TI3-T20%BVRVE, JANEEOIRNEEE o * *
- - ’ 787507 AR PET5> S — T ks
: 1T B ] Sl
Bahavioral Trajectory
bh Th *
Max-margin \_/ Imitation
Rt FH . BINFEE
. T —— Human Driving
v https://arxiv.org/abs/1910.04586 Eaﬁﬂf‘%a +HRPFE T Demonstration
v https://martin.zinkevich.org/publications/maximummarginplanning. pdf X MEE O EH% 51t S8 RS VDT E
v BRI, THEN, A, ABSRED, SR, 7)1, ) wia—, &3 AR NI T
Ef, FIAR, &RET, FRET, B28E, BiEEs, BihE, 8BRS, & . —Pe—n
iR, SO%E, TR, BADRYNES, BEEERITIAP, A—Att, pp.1 E-33>75 > —
10-111 (2021).
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8. FEEAV-EH; (DSadatbD Ak E—arI o FH—DENE

(E—>3> 057 ) (E582 MEI2Y] .
£/\IZNDITE . _ =% _ \
LR jﬁgg’ﬂiﬁﬁ gg;@ W £/\IZ NOBE
SEiTE -FEEHEEEE
— BTEEE -EmI(FR
{’fTEijj/j__] Jb—b (I/EI\E-I-BOIEE)
SERTEN(b)EREL, HOEE
IRAE wHER (GHEEART 1072 ) e
e, i, i, o o v INESOEEDRENEE :
B, MR, BEOMS) — v JEDNNRO THRIRATHE (BB 5> 5 -]
RS e m EHIFHREEE UL
B BIRER 5 FIRTTREREBEICBFGS
mfE BB e T > Bl
B, — N VAT — = BFGS: BISA R8I
sriiis, SSRPRCE o BB ST
| EEERES * o
4@17*‘/1’7# et ® Right
ETRIEE ttboundary
=== Right boundary .
R
R4 A
X =

https://arxiv.org/abs/1910.04586
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8. FHZAULV-E

2B, (2)SadatoDAHE E—av T 50— DEE

[T —4) CEESaE0 v BE(TELOE ) RIMET BLSICEHEFE
ARSI NDFE \ v b BARMEBOMRAY
w 2
.-)éj%@qﬁﬁ‘é ﬁ(W) = 5 ”W”Q — )\ﬂ.{ﬁﬂ.{ (W) + )\[ﬁj(w)
M _,—>| ‘ FA ‘ |<— el Aot L P
-B#L—h &Maxi_”;g;) FEDIEFED
. D N:ERED arginig T4t — RO
. é&a;jr? 17 hFRIEE ol sl YT HEEE
T8 A (4558 S HRBNAE L L ARIR
-PE
E ek AE (E—>3>T05> 7] \ _
(BER, A, fR, & — (@R MEEER] v
B, IRE, HhEROMD) B/NJZXRDITEN o .
LHEVEE EEY  -BEIRb W S/\JIZ MOBE
-S547E8 - FEBhEERY =5
SATEESL -EWIMFIIR
¢ )I/— |\ ANE
i 55T3015H . 4
BHIL—-~ — P ) N
| UT875>7-] | [(BUBT5>F~] > #iE
MATSTHN B TENEAR VBB
ETRIENE

v https://arxiv.org/abs/1910.04586
v https://martin.zinkevich.org/publications/maximummarginplanning.pdf
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8. FEEZAWVEEH: (2)SadatbNFiE KERER T—2tvhk

EERICHALET -9y MILATO 2 D.

B ManualDrive

RSN —DNIRTORGERRBNZIETFUTRALA— AN DIEEIGEFR I 2LI(CfERan, EHRFRCHIIBZABOEELLEFROTYE.
No—Z>7, BREEBIUTAS yMIlE, NN 12000, 1000, 160003 FUANSENTLS.

COFT =AY MNMIIINIFEAT S TIMIEEN TV,

m TOR-4D
FEE(CHRERRY IS FUATIBRR SN R R OEERT -5t b

X% L EC(FUberREBDT -5ty hTRAREBNHND

https://arxiv.org/abs/1910.04586
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8. FEZMAUL=EH; (2)SadatbDFixk EERAEER

RADIRIB(CHIIZS 21 -2 DFER, AFEDANEEDOFVFRNIE 2 HEER

AR RSA N DgEE DFEE

(126 2 ¥/ 3 ¥2E RIE
EHVNEWFERRBUIENZ V) (FESJerkEtER MNNRE) REER V—bOEH AEERRDIFUACRIRT BEG
Method Lo (m) Driving Metrics
| 1.0s 2.0s 3.0s Jerk Lat. accel.  Speed lim.  Progress  Diff. behavior (%)
ABRS1C | HUMAN : : - 0.237 0.168 0.14 3.58 :
tagm [ | Oracle ACC | 0.700  1.560 3.670 - - 0.34 3.64 -
R=234>71 | PT 0.254 0941  2.190 | 0.147 0.232 0.26 3.81 8.5
[| Ours w 0.095 0712 1.992 | 0.140 0.264 0.39 3.81 0.0
*F£ 4| Ours wy, 0.094  0.699 1.945 | 0.135 0.234 0.27 3.72 0.0
|| Ours wj 0.066 0.514 1.495 m 0.143 0.279 0.28 3.78 0.0

W 2TOSHIACHUTE-DEAIINZFEE (EH0OH : 30 =0 MAKOIEEH)
WL ENF(BEMRIERS, AEREE, AERER)LMERIOEANIMZFE (BEHOE : 90 = IANILOIERHX3)
W‘, BIWECEB LU LRTYIZELERIDEANI N EFE (BEHDE 1 1890 = IR MIHDIEE M X3x2127v7)

Oracle ACC : IEfHBEDESr X I8%H

PT . ﬁ@]j’ﬁ\/j'—@%fﬁ@@}(‘—yﬂ\/ (ﬁlﬁfﬁﬁo)ﬂ%?ﬂaﬂqo)a}_@;&gﬁ https://arXiv.org/abs/1910.04586
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8. FEHZMAWL=EH; VOLVO REENFH

v VOLVOICL B EEFNITDIF R HT =T )T—23 %09 BIeHICALIL — AD— D% FFE I BH3T
v KHIOEERS FUAOMFIOFE R HE M
v VOLVOIRET —styMER (VOLVON AU TLVACirrus dataseté[ml—mhEANER)
v IOHh-EA-5YMh—OLLT O 3 DOEEZHIEL TRITEDT —INSEISL TR
v BEM-SyI—0a/IZET
v BEM-SYyIM—-OEMIZET

v vb >

v fEmELTE, 7T AREPRIOS FUAQEROIRE(CALITES]

https://doi.org/10.1016/j.engappai.2022.104972
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—At vk

FEERWN-E6;, BENEELRT

KITTI
Cityscapes

Apollo Scape

Mapillary Vistas Dataset

DeepDrive

Lyft Level 5 AV Dataset 2019
Waymo Open Dataset

Pandaset

DriveSeg

Audi Autonomous Driving
Dataset(A2D2)

Cirrus dataset

% Sadat5D=EfIdManualDrivet TOR-4D(EUberAEBMIEAFT -5y heBhNns
X _EEEDHICActive Larning Ty /)7 =23 MERMMERIEN TLBLI5R A RZ(F5N 0. VOLVO®DCirrus dataset(d, VOLVOT
Active Larning(CL2EB AR DX NMFIEIDDT, Active LarninghMEREENTLBHELNTRL

i8R

RAYDHRFRAEETH THDD— IV A —TEL~EEER TOEENSESNEGMRHEINTVS. B, JZAR1580FEE30ADHTENROTNS.

HHEPOBEBERIABEEFNT, EXOTVITIAS T30 RID AT AT -3 TN aF B I 3HIEBNE, REEITS—VEIROT -5ty k.

Baiduh"ARLIz BENEEEROT 5y h. RCGBOBMKEZNCITITZEIAS T3>, FIDOLANLTERE- EI X T—avmiRfitencns.
BISEIE20R TEI XS T—3a0 )5 A FEPEERE, ARE25FE4E.

B#EEGLOHD, B EEEHROT—5tyh. 2500007 /723 BEHDOEHEET —dziRft. RELBBAHRITED, UHNMEEARZEOEF I ZENTVS
(BROEROEEEHS).
2018/7/30(c, EREFHBECOVTIDHNERE L0V AMBIENIZ (M TRACZE - REIBRBRONS HHETRBONRE). Fz, 773320

BTN T3,

BerkleyD AUz B ENEEREEDHDT —Fybh. HRa BXRIZ0EH, BRFEZIERURZ 100 DHDEE (5110085 518N 3.
B§IL—AL10BICOVWTRNRTISTAIRYIRA(N, NAREETL0ITR), EERoIAEMElN, BIR(EITEIRRRL —PidlTHE) N7 /7 -3 EnTns.
1ROV TFETEILANDOEIAS T =332 BT )T —2a2ENTVS.

Ford Fusion(CLIDAR(3&)/NA3(76)&HE#HULRUIT —HZR(CLTED, L—2W0HEliESE, 55, BREMBERSHENBEIX MY )F-33>EnTus.

Waymo h"ABLIz BEREER DIz DT —Ftw .
LIDAR(58)/AX5(58)Z{ELE 2 BRIE0ERT, BFRHZUNERUIZ 20720 EhE(10HZ)(C,
nTuna.

Google Colablatory TE/TTE3F1—N7IL EEINTULS.

LIDARE> Y —X—H—DHesait 7.)7—>3> T 5y N4 —LDScaleAINHFE CHEEEL . B BB REOLHOT—F Ty b,
E AP COE I BAL CHD, SAROIRPESE, R4 BIFREFH CTINEREIToOTVBEEFREFSYIVL-).

FSDKEE AToyota Motor Sales USAENYHF1—twWTRIARE (MIT) h2020F6HUY—R

HaT1205E02DINILEL200BEO3DINIAY J7—23>E

Audin'2020F4B(CARLE. BRESHEnEET DT Sy MERICENZS ABEZEDIRE, AFHFEZEET S

VOLVOOT—4tyh. RIBBECERZEE LIDAR Z+v> N—2OR G —Rothzieft. SEINASEE, H—B2Fv> Ni—>, BLUT7/7—23>
H2END.

ANENENEN

URLSE

https://www.cvlibs.net/datasets/kitti/

https://www.cityscapes-
dataset.com/dataset-overview/

https://apolloscape.auto/scene.html

https://www.mapillary.com/dataset/vis
tas

https://bdd-data.berkeley.edu/

https://level-5.global/data/

https://waymo.com/open/

https://scale.com/open-av-
datasets/pandaset#overview

https://agelab.mit.edu/methods/mit-
driveseg-dataset-for-dynamic-driving-
scene-segmentation

https://www.a2d2.audi/a2d2/en.html

https://developer.volvocars.com/resour
ces/cirrus/

https://github.com/arXivTimes/arXivTimes/tree/master/datasets
https://cvml-expertguide.net/terms/dataset/image-dataset/kitti/
https://cvml-expertguide.net/terms/dataset/image-dataset/cityscapes/
https://jidounten-lab.com/u_dataset-27
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O. NRTSVZUJREHAEM; M)BEEfEHTE

HX5, LiDARZF(CLBEHREDM CEEARAIDAIBEZHETE T S,

EfEEHE
FARL

I
AP

GNSS

EIHRED

A

RatseE YT

Y-y

GNSS
GNSS + #5UE
RTK-GNSS

TIUHRAECLSHIE
(IMU, E3R)

GNSS, IMU, fEStRRELHEAFENETCERATIENS. BREADN EHEEE
LiDARTEHAILIzREfEL, MMS(Mobile Mapping System)&E THoNUDIERLUIcmE -SRERQYIUENINE
e ZIBELTESMNEZHETET . REFNRBIVFIARELTUTOEDONHS -RIBREDERE

-ICP (Interactive Closed Point)

N Z VWGP TR S R

-NDT(Normal Distribution Transform) &Ei&
REHBEE, DASERICLDIFHREDIBRE I DFEOCHD.

LiDARDR 518 E YV ICLBBE.

LIiDARDR G158 E 7 225 R I BKIC AU RETEE Yy T2H5 N USPERL, ET
R CIRGT 5. REIROERMEORVECZFATS75E

BRCYIEDRIBHIRESNAIA -V TZERL, EITRCHATSEURLIDARNSES - AJF—IvT D

NIEIREIRE 3.
FREZmM
FBEIMUT (RTKHHIEIBIRFIAKE)

FREZCcm

-~V

-BIVCEa/RET (RILVF/R)
-HREERRRE
-Z{SEHA

i FICRMBIE (ST/N\FEDEEY-ERHD)

-GNSS+RTK—{ABYLETE
-A-T>Y—-2Z RTKLIB

RAZXTVAE, DIV T4VE, IK=F49)W T4V, HRRNIVI> T4V (EKF)RERERL

TGNSSZIMUNEER CH#1E
-Autoware (HLEEEDILN>T4)LA)

*GNSS+IMU + KA =)L A RXN)—{RBURE
-Eagleye (GNSS+IMU+RA—JLARXN)
(ZAMRGNSSEIMUZEED E T— B BRI OMAEZY I NI 7 TEIRFS. ROS

R=2ADA=T>Y—-2R)

HEFITEDAIENRBATHST8,

https://www.jenoba.jp/
https://www.rtklib.com/

https://gitlab.com/autowarefounda
tion/autoware.ai/core_perception/t
ree/master/ekf_localizer
https://github.com/MaplV/eagleye
https://www.jstage.jst.go.jp/articl
e/sicetr/55/11/55_754/_pdf

BRER, RH=M, AR1F, KBRS, JIEFE, &)1, JWwie—, E8EME, AlasR, SRBIT, RET, F=2E, BRES, BE5LE,
BRZE—, RUERE, 80%E), IWTER, BAR0NMNER, BEREERIMAP, A—A%t, pp.139-153 (2021).

—=54, )A—3, BEn&%x, 107+, pp.143-153 (2021).
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9. NRTSVZVUFREBEM; ()BCAEH#HTE DUCHES

B h—xF—-XO0>KFE Boss
UFaHEEETER
. BREEME (IRMHENZIRI5—-vTHHEOSEREIE])

« GNSS+ &SMEEIMU + /RA =LA RXN)—{ABIZRE (Applanix POS LV 420) . .
Omnistar{RABELHE Y — 2 LD L /a

fIBIEE10cmIZE(CRBN, ESMRTINPITUSELERE o
App nix
. SICK LMS 291-S05/S14 LiDAR GPS/INS -
POS LVOH T (HMEFEER BN, SICK LIDARICED, REBAEHNSEHEREL, L — AR EERRERABREEZITOCVS '

SICK Scanning Lidar
90 1807 FOV, 40m

X EAFEHRINRMHENBDUCTEHERLTLRVLY, SREMMALUTRADEIRZET TS B’ LHESATLAIBFHTVS
LIDARENASDEBEIRZREELT, TARTIIGNSSIESRRUTS. 7kmERRZHEFF TSN

B R5>2TA—-RXKE Junior
Bosst(FXBEERDIERK

v' https://www.cmu.edu/traffic21/pdfs/urmson_christopher_2008_1.pdf
v http://writingaboutcars.com/360-sensors-give-autonomous-cars-vision/
v http://robots.stanford.edu/papers/junior08.pdf
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O. NRTZ=2 Y RAEM; Q)1TEF Al

HITEORE T A ZXETI Context-based pedestrian path prediction
BEMATTRAZINLEHITEOI TFAMEEL TRREZ FAIT300.
ENHINA T 7>y ~J—2(Dynamic Bayesian Network;DBN)(C, SLDS(Switching Linear
Dynamic System)&MEEN235-1TEDEIEZ HIMTT 32— R cbDZ A%, SLDSTIE,
SHITEORAE, BEOME, BEmF COMERE, FaFCOmRZENRT—7ELTHWLS.
INSEEOBRT -2 BV TAEBDIREEZZREFI DL TataE b FRlZ3EIR.

FEFBETI FEFBEAVTHTEDITEIZETIETS.
BEOEAT —INSREDEZRZICH T2 FAFEREERETEITD2NENGDDILD, BRIIT—
=B Z HRNN(Recurrent Neural Network)¥°LSTM(Long Short-Term Memory)h'H
LBANB.
TOMBITERIDOA >392 %EZEBUILFEELT, Social-LSTMSocial GANN'$%3

fhER R DFE RS 738 AR T4IVS EMOEEZENMEEEE TETIAEL, AN/ X EER T RIZITIEZRR
ADR[E)FZRIZ RERFOHIEES —UIHITPEMDEETZFEL, BEmDIRREZZRBULCTRZER
FEFBETIN Social-LSTMY>DESIRESS

DESIREFEE DT RHEHEZ LM TED

v EBRER, RH=ENA, KEIFE, KBAEES, S, #&)|6#E, ) wit—, ©8EE, BIaR, &RIBT, BEE, B28E, BHES, BE5LE,
BRZE—, RULRE, 80E, IWWTMER, BAR0NNER, BEREERAMIAP, A—A%t, pp.139-153 (2021).
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9. NRTS=ZUF EiDE M (2)1TEIFRI FiveAlDZE1

v’ 2015%F(CR - JUANLTEIIEN B ENEE R — h7y T b5

- AIZERUBENEIRS AT LT3y NIA— LAOFRFE

- BIELRIATLAOLZEITEATE - RILT SLHEAHIOVWTEIAZR
v’ 201902 R TAET B E#ERRE k% K
v 2022F4H BOSCHICEUX

v https://www.five.ai/
F|VeA]:0)$|_f_ﬁ (}%iﬁkt)ﬂ- . jJ)(E LiDAR. Radar GNSS%") v https://www.autonomousvehicleinternational.com/opinion/what-the-uks-
’ 4 4 4 * most-advanced-av-trials-teach-us-about-building-public-trust.html
v https://fresearchlondon.com/trend/fiveai/
v https://jidounten-lab.com/u_startup-45-matome#FiveAl
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9. NRTSU=UHEBHE:; Q1TEIFH|l FiveAld)ZE4H Flash]

RAZHETFEE, FBURE-23a>T0071V=ERUE, BENEIROHOEER TEERMTENFRIIL - AT Flash]

2T ADIERE : Intel Core i7-7800X CPU

X (OpenDrive)X—2X®

WMBLAT7INEET ' 3.50GHz#E# T AV M TPCT 1 B44)L 5.5ms
EE—E} \OZ}EHHj Data processing | Motion Profile Prediction | Bayesian Inference
33 1.8 0.4
BRI (PurePursuit) X — 2D
A : PETTRL—5—
" »| Goaland |
Map > Path ___#E
Extraction \
\ 8 J N Trajectory Goals and =
{J@Eﬁ*ﬁtﬂ . - " Generation trajectories :
| Agent | Motion = — N Y :
detection —»! Profile :
— 135y RI—4 (time t) l _:Prediction ) :
(MDN) R—XD1TE) A . . EWEDTE
ES1-) (E=0RE —— R
4= | Goalsand | 3 Posterior over | |
=5 = /@:ﬁ'ﬂ@@ﬂ'@]@% | trajectories | J |B?yesnan g :
IJ%UE_JD\LZ\% : : (tlme t- ]) E ____________________ _,L nierence trajectories :
............. ) 5 N Z |
| EEEEDT :
. " —
e | AYSAIRATHEEES 13-
trajectories | NAZXEF(CKD, SBRMED N

| imet-1) | SBRIEN TEENRUIETE

B o o o o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

https://www.five.ai/flash
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9. NRITSV=ZUFJREDEM; T8 F Bl FiveAIDZEH [Flash] 1TE1F8IE

va—Jlb

ITEFRICE, Z1—-3)FyhI—IMDNICLDSEHIFEZERA

Flash v Z1-IIRyRI-9(CE&B7T0-FELT, MDN (Mixture density networks) %2
T . | v MDNERREEMAEETIULL, H—OHNTRKSIEESDRE/ T3 (BEST) e TR N TES
| — iImm— g v MDNEBEERSUZESEEAULSERIVCRATIIORR TEETS
sacin | . N i v REEELETROE T (e R EE) S LUMERORE(T 9% 4L T~ =2 UIMDNE S — TS0 T
T — = | e FEOSFTVS. (4D0L—>TAO-EFNE, 160L—>FIVSES L THERL)
R S Ee— e J7TT e v MDNOHHEFS—VIIGUTEBL TS (MEmOEIRE /WEE, 1Exies, SEERMAE, Ny), /1)) %)
R4 U ’ v FREEIEEE60m. TRBEESH

i | (timet-1) |

https://www.five.ai/flash

MDN (Mixture density networks)
s> : C. M. Bishop, “Mixture density networks,”
1994 .https://publications.aston.ac.uk/id/eprint/373/1/NCRG_94_004.pdf
MDN%ZSH1TEDITEITFRIICHIBUIARDFEH
http://mprg.jp/data/FLABResearchArchive/Bachelor/B17/Abstract/iesaki.pdf
X )DeepLearning>4J3UIEdward |(CE&ENHS
http://edwardlib.org/tutorials/mixture-density-network
XEdward(3INS et sad, FREFE, MXRNIT0J33J2/EaSEZPython&TensorFlow>173Y

MDNOE A A=
(HERDMmMEHIEND)

10
pearsonr = 054. 3e07
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9. INATS5 =

5 BB Q1TE)F R FiveAIDEH [Flash] XA XHEFETE

o~

va—Jb

ADTAINAZHEE(CLD, MMEMOHED A ERMEZZ R

—

Flash
| »| Goal and )
Map = Path
Extraction A
—_— < Trajectory
Generation
. Y |
Agent ‘ Motion &
detection »( Profile
(time t) | Prediction
BEOEENE RAZHE
i Gl | HhAIE (oamaian |
) ey A -» trajectories | =
4m$ﬁo)$nﬁ$ﬁljﬁﬁzﬁﬁ | E (time t= 1) et | et _’l Inference l
(RIEIDHETELE) P —f—
Prior over | [
| goalsend { __ _ | ________ |
| trajectories |
\ (timet-1) |
,,,,, s

XYJHMEE—HRD 10

HAMED /A LIBLLTEE SIS
MREmORBRERERTEZE B TED

https://www.five.ai/flash

RAZHETEETI (BUAMENS BIEZsEZHETE)
p(Qi:ﬂYi:k) X P(Y%:k"gg:kfl)P(gg:k—l|Yi:k:f1)

HEmOBEZENED #UANE fEEmOBRHED
FRERDM SRIERDM

(— 2RI LATYT DERIERDT)

g:BERE(HEEXR) v.8U1E

Goals and
trajectories

—Er

Posterior over
goals and
trajectories

fEEm O BRHUE SRR

J g (EEB) \

BEOMEmOBRHEORANEESRIHERDMNS, ADFTAOTRAXWEZRITL, PUBFREEDMEZHET
RIEICHEE LRI TRRIDIERREH (RAXEH)

NA ZHEE DILIRIRE : Intel Core i7-7800X CPU 3.50GHZE#iT A7 hwIPCT 1 B44)L 0.4ms (3T LE4K 5.5ms)
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9. NRTSVZUFEBEAT; QITE8FTH A X#HE

XMW OIeL ECEDIREINATH O IERZHEFE UL, BUAFERNMSIRAOHESR (D)2 HEET D

N » ==
NAADEE A:EE
N y L =4 et — . 1N
e X | ANRETRISTLENZER (BHIER)
IV ITEEEESFHILOE(MCMC) T
DI EEEIESNS ST (T B
- = o wae) AIIEESTEROIM) e v LT — P BN B U TBEHER P (A X) T RITRSRP(A )

BRI DERNA RERTELS

P (X |A) P (A) v RYEERERP(A)ITRBRRES, WIERIMELT, —HEHH
P (A |X ) — PMEFAENBTENZ )
2E(1\&B

) . P (X ) v RAZEHORTIEA TUE IR TR DR 2
XIS (CANESS
AT (9 77) XIMEC WS T
(RARETES ; BLRIER) FiveAl FLASHEDRYE S

(SREEE HEXTR)
I Flash

RAZXEHI—T
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