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What is the State of the Art
of Automated Vehicles?
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Are We There Yet?
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State of the Art 2
0 Automated Driving is feasible

0 >10 Mkm on Road Automated Driving

O Safety Driver or Restricted Area needed

O Limited Cooperation with Others [
[0 Provable Behavioural Safety

[0 Reliable Maps & Perception

O Planning based on ,,\What could;h—appen?“-Reaso ng . |
O Risk Assessment ,\A \

[0 Cooperativity

Challenges of Automated Vehicles

[0 Safety Validation and Testing



SAE Automation Levels — Automotive Industry
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Partial Conditional High Full
Driver only Assisted Automation Automation Automatlon Automation
Driver completely Driver permanently Driver permanently Driver must always Driver is not No driver required

in control for some
functions

In Vehicles Today
Driver is Responsible

in control monitors functio

and environme

\

++

Vehicle L2
longitL Hands-
lateral off

Single control
functions such as

speed selection, definec Driving
Nlg sl EEEs braklng or lane 2
intervention keeping are
automated
( - N\ )
Manual Driving Adaptive Cruise Stop & Go
N L Control ) Automation
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be available to

resume control
within reasonable
time

Vehicles performs
longitudin 'and
lateral cor lin
e 3e.
‘s
First on
Highway
2022
Mercedes
-Benz

S-Class

required during
defined use case

Vehicles performs
longitudinal and
lateral control in

defined use case

Last Mile Self-Driving
Taxi Car

Vehicles performs
longitudinal and
lateral control in all
situations
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Selected Research In
Perception
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Sensor Box for Automated Driving = ‘ (IT

ititute of Technology
]

VLS-128 Alpha Prime Lidar

2x Hesai XT-32 for near range £

6 x 90° low-distortion cameras

Stereo HDR cameras

Trigger box, IMU, GNSS
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Sensor box: Base Cameras
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Sensor box: Cameras in Ring

.
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Multi Task Learning

Rich information required:
® Object pose and motion

AT
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® Semantic segmentation
® 3d geometry
® Optical flow
[ ]
v
shared CNN - '
backbone 'I I'
| |

V v ¥
task-specific — /= =
network heads 1 | 1 | 1

v v v

objects sem. seqg. depth ...
[Niels Ole Salscheider 2020: “Simultaneous Object Detection and Semantic Segmentation”. International Conference on
Pattern Recognition Applications and Methods]
[Niels Ole Salscheider 2021: “Object Tracking by Detection with Visual and Motion Cues.”
arXiv: 2101.07549] co-founder Safe@



[Niels Ole Salscheider 2020: “Simultaneous Object Detection and Semantic Segmentation”. International Conference on Pattern

Recognition Applications and Methods]
[Niels Ole Salscheider 2021: “Object Tracking by Detection with Visual and Motion Cues.” arXiv: 2101.07549]




YOLINO — Generic Single Shot Line Detection ﬂ(IT

Karlsruhe Institute of Technology

B Inspired by YOLO: Split image into grid cells
® Predict generic line segments

® Detection and classification
u

Multiple predictions per cell allows for detection of crossing and
branching lines

3 x 448 x 960 32 x 448 x 960

64 x 224 x 480

128 X 112 x 240
256 % 56 x 120

512 x 28 X 60 1024 x 28 x 60 C X 28 X 60
1024 x 14 x 30

4l @

DarkNet —— Upsampling Yolo
Input Conv-block-1 Conv-block-2  Conv-block-3 Conv-block-4 Conv-block-5 Conv-block-6 DeConv-3-1024 Conv-3-C
- concatenate -
Conv-3-1536
Conv-1-1024

Conv-3-1024

[Annika Meyer et al. "YOLINO: Generic Single Shot Polyline Detection in Real Time." arXiv preprint arXiv:2103.14420 (2021)]



YOLINnO — Generic Single Shot Line Detection ﬂ(“.

® Real-time applications

Markings in Aerial Images

[Annika Meyer et al. "YOLINO:

Centerlines in Argoverse

Karlsruhe Institute of Technology

Road Boundaries in TuSimple

(a) Ground Truth

(b) Prediction (¢) Generic NMS

(d) Breadth-first search and weighted averaging (e) Spline fit

Generic Single Shot Polyline Detection in Real Time." arXiv preprint arXiv:2103.14420 (2021)]



Tasks of Lidar Processing ﬂ(“.
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Dense grid map %1
prediction

_________________________ 1 l-_________________________|
Self-Localization o Mapless Driving :

|
| :
1 1
| 1 |
1 1
| 1 |
_________________________ 9 e e e e e e e e e e e o e e e e e e e e e = =

[Bieder, Link, Romanski, Hu, Stiller: Improving Lidar-Based Semantic Segmentation
of Top-View Grid Maps by Learning Features in Complementary Representations, FUSION 2022]
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Fusion of BeV and Range Grid Maps

2 e

e
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Point cloud measurement

3D point cloud :

Range image
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o »

Intensity
v v R e
B . e

Sphe.rica.l 2D Multi-lay.er grid \Mux. ;m;“ Min"‘hei;m
projection mapping \
S ¥

I
Observability Min. observable

RangeNet++ DeepLabV3+ L et o
@7 Input Grid maps

Grid mapping

v

Sensor Data Fusion

@ 2D semantic top-view prediciton \

@ Sensor input B ) Data transformation

C )DL inference @Fusion @Output

Dense grid mafj' preiction

[Bieder, Link, Romanski, Hu, Stiller: Improving Lidar-Based Semantic Segmentation
of Top-View Grid Maps by Learning Features in Complementary Representations, FUSION 2022]




Pipeline Overview AT
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~

—» Rangenet

—> multi-laygr grid
mapping

[Bieder, Link, Romanski, Hu, Stiller: Improving Lidar-Based Semantic Segmentation
of Top-View Grid Maps by Learning Features in Complementary Representations, FUSION 2022]
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Pipeline Overview AT
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( N\

—» grid i

1> Rangenet —»
- | mapping g @
fr
multi-layer grid 4 ";; —>
> mapping & f, >
e
( )
i F Output for each cell
Gnd mapplng tOOI utput for each ce
@
R ooo ~ /_‘ Histogram of Predictions
Rangenet++ output as %|*
Rangenet++ - argmax for (1)(2)
- pseudo probabilities OO N /
O
v
, . - Y,
Christoph Stller [Bieder, Link, Romanski, Hu, Stiller: Improving Lidar-Based Semantic Segmentation 19

of Top-View Grid Maps by Learning Features in Complementary Representations, FUSION 2022]



Feature Layer

\ |

Observations fa

Dense Task

¥ %@5% sl S i ™~ ’ P S
~ Ground truth GMBase, mloU::32.7% EarlyFuse- f;, mloU: 36.0%




Lidar-Only Automated Driving

Activities ° SimpleScreenRecorder v Do 13141 e

Eile Panels Help
SimpleScreenRecorder

Recording

[llPause recording

v Enable recording hotkey Enable sound notifications & Download YAML & Download SVG

Hotkey: v Ctrl + Shift + Alt + Super+ R v

Information Preview

Total time: 0:00:01

FPS in: 54.97
FPSout: 0.00

Size in: 1920x1080
Size out:  1920x1080
File name: demo....mkv
Filesize: 0B

Bitrate: 0bps

V=

Stop preview

Log

|PageRecord::StartOutput] Started output. -
[Muxer::MuxerThread] Muxer thread started.
[Synchronizer::SynchronizerThread] Synchronizer thread started.
[FastResampler::Resample] Resample ratio is 1.0000 (was 0.0000). -

Driving
13 Automated Driving

& cancel recording Zisave recording

Connected Reset = Left-Click: Rotate. Middle-Click: Move X/Y. Right-Click:: Move Z. Shift: More options. 17 fps



AT

rrrrrrrrrrrrrrrrrrrrrrrrrrrrrr

Behavioral Safety
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Arbritrators for Safe Maneuver Decision o»|| ﬂ(“'

® Which action to take? 3 A I
m  Skills
® Invocation Conditions
B Commitment

) .'.A'.. e
= 5:.’—5; - -
— '.-""'." o
— B -
- v
[ ‘Safe Stop - j j Pt
//,-—-’/

[Piotr Orzechowski et al., “Decision-Making for Automated Vehicles Using a Hierarchical Behavior-Based Arbitration
Scheme.” IV 2021]
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Lane Change Right

The ego vehicle approaches an intersection.
As soon as the exit lane is reached, ChangelaneRight is applicable.

Because the route is turning right, ChangelLaneRight has the highest
expected velocity (lowest cost) and is activated by the cost arbitrator.

[Piotr Orzechowski et al., “Decision-Making for Automated Vehicles Using a Hierarchical Behavior-Based Arbitration
Scheme.” IV 2021]
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Eco System for Automated Driving
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UNICARagil Vehicles ﬂ(".
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NEW MECHATRONIC ARCHITECTURE
UNICARagil A\‘(IT

il | L? “_Z SENS(
| oM (_/ MODULE
(c)\ e “Cerebrum”:
”“ " =3 / - Environment representation
\{ ' » Behavior and trajectory planning

“Brainstem”:
 Realization of desired trajectory

» Safety ECU
 Dedicated HW developed

| ' CORD i . )‘/\i o e s
QL(‘:;V// =5 preY 4 | “Spinal Cord“:

| oynaMIC « Steering angle and drive control
J‘ MODULE » Fallback in case of “Brainstem” failure

L, TECHNISCHE

& LY atlatec®’ #'P G fMAR SCHAEFFLER gy

Karlsruher Institut fur Technologie / d r I Ve




_ , Eco-Sytem for Automated Driving
unicarag//=—

Intelligent Infrastructure

§ P — _;L‘I._.
- u | CONTROL- s 2 f = Minimal stationary sensors
.\ ROOM .r = Dynamic supplement through sensor
\ s — — DRONE cluster = drones
Control-Room ' - - —) ]
= Remote vehicle operation _ T . P /'\ ’I
- . \. NGRS SERVICE ~ ¥ S U _- I
= Service center, e.g. for emergencies or X7 P \
sovereign interventions P -~ O \
17 - e
- lflr \ Sensor-Modules
=~ - \ Identical integration for all vehicle
%_ _ ) \ variants
- - ~
—< 2\ \ Fail- tional due to 3 physical
Cloud Functionality - .. L al-operational due fo 3 physica
-’ — | {uSENSOR- princip

= Additional information for / ‘ = . )
automated driving function v . Y . [ ( “IMODULE

= Collective environment model ' ) ' ' |

Provides environment
information as a service

= Collective traffic memory / ) | . \

\(E'“ DYNAMIC
189 ) MobuLe

AN
PLATFORM Driving-Platform with Dynamic-Modules

Four Fully Automated and Driverless
Vehicles

Enabled by Modular Information Processing

= Service-oriented SW architecture allows

updates and additions to secure modules = Modular structure consisting of 4 dynamic modules, energy

Vehicle fully functional without external module, brain stem + self-awareness

Information

= Scalable, different vehicle sizes can be displayed

= Electric (48 Volt) and functionally safe

Christoph Stiller 28



AT

Karlsruhe Institute of Technology

SAFETY
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Safety Goal A\‘(IT
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® Naive Thinking: The safety goal for SDA should be ,Zero Accidents”

B Safety goal should be ,safe as many persons as possible®, i.e. maximize SIF

Risk of Traffic with Conventional Driving

Risk of Traffic with Self Driving Automobiles
N /

Safety Improvement Factor =

® Which SIF level is societal acceptable?

Christoph Stiller 30



risk ‘

Risk Balance of Automated Driving

conventional driving

~ 90% - 95%‘ automated driving
reduction without market introduction

: ~automated driving

equal time  after market introduction
risk point

B Late introduction with safety margin may support acceptance
® Earlier introduction will minimize total fatalities

Christoph Stiller
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Summary & Conclusions ﬂ(IT

Karlsruhe Institute of Technology

® Automated Driving G s 4

-

® s feasible, but requires restrictive ODD,
or safety driver

® will cause a revolution in human mobility

® Lidar and Vision
® provide essential complementary information each

® Deep Learning

® dominates perception and planning

® is complemented by conventional validation
® Eco System for Automated Driving

® dominates perception and planning

B Safety
® dominates market introduction
® Societal consensus required

Christoph Stiller 32
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