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Partial
Automation

Driver
Au to matlon Assistance
Vehicle has combined
automated functions,
like acceleration and
steering, but the driver
must remain engaged
with the driving task
and monitor the
environment at
all times.

Vehicle is controlled
by the driver, but
some driving assist
features may be
included in the
vehicle design.

Zero autonomy;
the driver performs
all driving tasks.

Full Automation ===
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Conditional High
Automation Automation

Automation

Driver is a necessity,
but is not required
to monitor the
environment.

The vehicle is capable
of performing all
driving functions

under certain

The vehicle is capable
of performing all
driving functions

under all conditions.

The driver must be conditions. The driver The driver may
ready to take control may have the option have the option to
of the vehicle at all to control the vehicle. control the vehicle.

times with notice.

| HEHSHZL (NHTSA, 2017)
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Which Road?
(5.0m)

Which Lane?
(1.5m)

Active Control
(0.1m)

Where in Lane?
(0.5m)

2 E EhEE Bl 7 K (Stephenson et al.,
2011)
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TERPSERAE T ARIE » A BefEfeit EEEAE 2 LLAUE
MEEREE  WAEMHEEY)E BB
HEARWZER T DL NDS 55kE FEth il = AR i fF R PRI
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Type 4: Highly dynamic data
(vehicles, pedestrians)

Vehicles
Ego

Wehicle

/ Pedestrians

Signal
Phase

Traffic
Congestion

Type 3: Transient dynamic
(congestion, signal phase) C;)%

Slippery

Type 2: Transient static data,
(roadside infrastructure) /

Road

Traffic
Sign

gm-r; - z
» Al R
A x d A >
Type 1: Permanent static d o g Ao g W
(map data) W' g A ARl b i

Landmarks

Map

3 LDM g

Localization
Landmarks

ZMPU(EEE (Shimada et al., 2015)

Obstacles

TBD

Road geometry

Road topology

4 NDS [E]& (Sasse, 2017)
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B emA SR © M EE Y (lane detection)
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(I3 25 A 2 T B o LR e FRTEHE TG > B
W LR R e B A~ D
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] DRI BUE R4 BB RN
GRIREE B R LU U F & A < ZZH & #E
[T 52 6% INS/GNSS TE [FITEAL » ZSLEE 5 HEHE SR
St 2o HIEWERYE (L [ - &) ikl 5 5
HEWERE SEEANSNVEEER - FEE
HLVESA TR - R fies 5 Bbth
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. Wipers

9 Ignition

=0/ Headlights

Q% Fog Lights

¥~ Brake Pressure

5 HEH FAECHIES Z4% (Vardhan, 2017)
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Feasible Assessment of Regulation and Data Collection Process in
HD Maps Used For Autonomous Vehicle

Jhih-Cing Zeng '~ Pei-Ching Hsu ! Ching-Hung Chang?  Yu-Hua Li?
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Abstract

Reacting to the era of autonomous vehicle, various domestic and foreign experts and companies have been
actively involved in related studies and development. The technique which uses the pre-build three-dimensional
high definition map (HD Maps) to aid the ability of positioning and orientation efficiently is indispensable. The
ultimate goal is to provide autonomous vehicles with assistant information and ensure that they can drive safely
and accurately during the whole process without human intervention. Currently, there is still no universal standard
workflow for HD Maps and related regulations in our country. The existing mapping regulations and specifications
are no longer meet the requirements for the construction, maintenance and inspection of HD Maps. Hence, this
research proposes the concept of definition of mapping specifications, accuracy requirements, operation method,
standard procedure and other related works for HD Maps based on literature reviews. To sum up, we will conduct
preliminary feasible assessment and offer the contents to experts and scholars for further researches and
development.
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