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Five Levels of Vehicle Autonomy

Level 0

No automation:
the driver is in
complete control
of the vehicle at
all times.

Level 1

Driver
assistance:

the vehicle can
assist the driver or
take control of
either the vehicle's

speed, through

cruise control, or its

lane position,
through lane
guidance,

Level 2

Occasional
self-driving:

the vehicle can take
control of both the
vehicle's speed and
lane position in
some situations, for
example on
limited-access
freeways,

Level 3

Limited
self-driving:
the vehicle is in
full control in
some situations,
monitors the road
and traffic, and
will inform the
driver when he or
she must take
control.

Level 4

Full self-driving
under certain
conditions:

the vehicle is in
full control for the
entire trip in
these conditions,
such as urban
ride-sharing.

Level 5

Full self-driving
under all
conditions:

the vehicle can
operate without a
human driver or
occupants.



Karsan’in Bursa’da urettigi surucusuz
otonom otobus

Calisan profili:
* Bogazici, Odtu, Bilkent
* Lisans, yuksek lisans

Automated, Shared, Connected

vering the most advanced Level-4 automated

rtation platform for full size commercial vehicles
XARS AN

- Sl

scroll or click button

Kullandiklari teknolojiler: NVIDIA, ROS, autoware, gezobo ... Uretim Yeri: Bursa
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Figure 3.2: Autonomous driving system architecture overview from [140].
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Functionalities

LKA Lane Keep Assist

AP: Automatic Plot

ACC:Active Cruise Control
LDWS: Lane Departure YWarning System

AEB:Automatic Emergency Braking
DM:Driver Monitoring

Otonom Araclar

Sensor modules
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Figure 1.2: Sensor modules for each automation level from [251].
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and infrastructure

Performance aspect Human AV Sl CAV
Radar | Lidar | Camera | DSRC | CV+AV

Object detection Good | Good | Good | Fair n/a Good
Object classification Good | Poor | Fair | Good n/a Good
Distance estimation Fair | Good | Good | Fair | Good | Good
Edge detection Good | Poor | Good | Good n/a Good
Lane tracking Good | Poor | Poor | Good n/a Good
Visibility range Good | Good | Fair Fair | Good | Good
Poor weather performance Fair | Good | Fair | Poor | Good | Good
Dark or low illumination performance Poor | Good | Good | Fair n/a Good
Ability to communicate with other traffic Poor n/a /a n/a Good | Good

Dedicated short-range communications (DSRC)
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CAR AUTOMATION SENSORS & DATA VOLUMES

Sensor type Quantity Data generated
Radar 4-6 0.1-15 Mbit/s
LIDAR 1-5 20-100 Mbit/s
Camera 6-12 500-3,500 Mbit/s
Ultrasonic 8-16 <0.01 Mbit/s
Vehicle motion, GNSS, IMU - <0.1 Mbit/s

TOTAL ESTIMATED BANDWIDTH

3 Gbit/s (~1.4TB/h) to 40 Gbit/s (~19 TB/h)




Dataset

Table 3.2: Driving datasets from [254].

Dataset Image | LIDAR | 2P0 | 3D | 80 | Noturalistic| pov | Multi| al jday&
' annotation | annotation | signals trip | weathers | night
Cityscapes [15] v v Vehicle
Berkley DeepDrive [252] v v Vehicle v v
Mapillary [166] v v Vehicle v v
Oxford RobotCar [145] v v Vehicle v v v
KITTT [67] v v v v Vehicle
H3D [177] v v v Vehicle
ApolloScape [95] v v v v Vehicle
nuScenes [28] v v v v Vehicle v v
Udacity [219] v v v v Vehicle
DDDI17 [21] v v v Vehicle v v
CommaZ2k19 [199] v v Vehicle v
LiVi-Set [39] v v v Vehicle
NU-drive [213] v v Semi Vehicle v
SHRP2 [218] v v v Vehicle
100-Car [119] v v v Vehicle v v
euroFOT [20] v v v Vehicle
Vehicle,
TorontoCity [231] v v v v Aerial,
Panorama
KAIST multi-spectral [41] v v v Vehicle v




Autonomous Driving

 Stanley (Level 5 SAE ADS) — (Stanford University)
 DAVE2 — (NVIDIA)

* Waymo — (Google)



0OS

* Real-time operating systems (RTOS)
* General-purpose operating systems (GPOS)

=imwe RTOS and GPOS Di

e=sT

RTOS GPOS

Real-Time Operating System General-Purpose Operating System

* Deterministic: no random execution pattern + Dynamic memory mapping

* Predictable Response Times » Random Execution Pattern

 Time Bound * Response Times not Guaranteed

» Preemptive Kernel Examples:

Examples: Microsoft® Windows® operating system,
Contiki source code, FreeRTOS™, Apple® macOS® operating system,

Zephyr™ Project Red Hat® Enterprise Linux® operating system
Use Case: Use Case:

Embedded Computing Desktop, Laptop, Tablet computers



0OS

 QNX Neutrino (BlackBerry)
* Ford, Acura, VW, BMW, and Audi

 WindRiver VxWorks
* Toshiba, Bosch, BMW, Ford, VW

e Green Hills INTEGRITY
 NVIDIA DRIVE™ QS

* Tesla, VW, Mercedes-Benz, Audi, Veoneer, and Bosch

* Mentor Nucleus® OS



0OS

e Automotivelinux
* BMW, GM, VW, Toyota, Chevrolet, Honda, Mercedes, Tesla, Lyft, Baidu

 Android Automotive OS
* Renault, Nissan, Mitsubishi

e Apple CarPlay
* Audi, BMW, Toyota, Nissan, Ford, Honda, Mazda, and Mercedes-Benz.

* ROS (Robotic Operating System)
* General Motors, BMW, Ford, Bosch, Karsan

e Microsoft



All in One: autoware.ai (ROS 1),

autoware.auto (ROS 2)

Sensing

Camera

LIiDAR
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Prediction A
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" Decision

Data Socket

System

Util




All in One: Apollo (Baidu)

Hello

Apollo 1.0 15 20 25 30

Production—
level Closed
Venue AD

Apollo Platform Closed Venue Fixed Lane AD on Simple Geo-fenced
Announced AD AD Urban Road Highway AD

2017.10

3.5

City Urban
Road AD

5.0

AD
Empowering
Production

5.5

Curb—to—-Curb
Urban Road AD

2019.12

6.0

Towards
Driverless
Driving




All in One: Apollo (Baidu

Cloud Service
Platform

Open Software
Platform

Hardware Dev
Platform

Vehicle Reference
Platform

Map
Engine

Computing
Unit

Production

Simulation Component

Apollo Data Pipeline

Localization Perception Prediction
Apollo Cyber RT

RTOS

Camera LiDAR Radar Ultrasonic

Certified Apollo Compatible Drive-by-Wire Vehicle

Security

Planning

HMI
Device

Control

vax

OBU Microphon

Open Vehicle Interface

New in Apollo 6.0




Simulatorler

Documentation Environment Sensors Output Training Labels
For Driving Actors Cameras Others
£ £ 5 e 5
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CARLA MIT + + + UE T + + + + - + - + + +
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Deepdrive MIT - - UE R - - 4 f - - - - -# t
LGSVL Pl"i’Pf + - - - Unity - + — - + - + + + + +
SimdCv Propr I - - - UE T DG f i f - - - ; 1 t
SynCity Propr NAY NA NA NA Unity | TCH | DFGUM 3 + + + + + + + + +
Unikie Propr NA NA NA NA NA C UH + + - - - i - NA NA NA%
rFpro Propr NA NA NA NA NA TCR - + + + Sl NA Sl Sl + NA NA
Cognata Propr NA MNA NA NA Custo C - + + + NA NA + 4 + NA NA
SCANeR Studio | Propr NA NA NA NA NA CR - NA t NA NA f f f NA NA
Highwai Propr NA NA NA NA Unity C - + + - + + + NA MNAYT + +
NVIDIA Drive Propr NA NA NA NA UE CH - NA NA t NA NA i I f 1 NA




Donanim: heterogeneous computing

e «Mikrokontroller»
* CPU

* GPU

* FPGA
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Donanim: CPU ve «Mikrokontroller»
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Donanim: GPU
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Donanim:FPGA

_Configurable
1.~ Logic Block
(CLB)
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C=A+B ~ Matrix
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Donanim:FPGA

Delay: Delay:
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Hardware-managed to to tens of
timing seconds milliseconds
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FPGA

Donanim
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Hard-wired 0s and 1s SRAM cells

(Antifuse technology) (SRAM-based technology) Invertars
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Row
number | x;, x, x5 Minterm Maxterm
0 0 0 0 || my=xxx3 | My= x;+ x5 + X3
1 0O 0 1 || my=XxXx3 | M{ =X+ X+ X5
2 O 1 0| my=xxx3 | My =X+ X, + X3
3 0O 1 1 | my=2xxx3 | My= x;+ X5+ X3
4 1 0 0 | my=xx,x3 | My=Xx;+ x,+ x3
5 1 0 1 || msg=xxyx3 | Ms= X+ X, + X3
6 1 1 0 || mg= xixx3 | Mg = X{+ X5+ X3
7 | | | My = XXXz | M7= Xx;+ X, + X3

MO x M1 x M2 x M3



Donanim:FPGA
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Donanim:FPGA

* Boolean satisfiability problem
e Set Cover Problem
* Quine-McCluskey method
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CPU GP-GPU Enhanced GPU FPGA Vector DSP ASIC

Least efficient 10.9 TMAC/s 11.5 TMAC/s MOSt efficient

29.8 TMAC/s /3 GMAGHN

ereXe Ve NVidia Tesla
\olta

92 GMAC/W

Google TPU

7.8 TMAC/s

2 Intel Stratix 10
40 GMAC/W _ 2V =11}

45.9 TMAC/s
| Xilinx Virtex VU13P | 612 GMAC/W

AMD Radeon

Intel
Xeon Phi

24.6 Tflops/s

82 GF/W

" KR cEVvA XM6 1 TMAC/s

7 Tflops/s ] [ _ 359 GMAC/W

- mf e
C5 vision core
RYLR Yo NVidia PX2 0.512 TMAC/s
1Xe VXA | Pascal GPU 102 GMAC/W

performance




Otonom Araclar

Best case FPGA

Best case GPU

Test cases [ntensiveness Time Energy | Time Energy | Time ratio | Energy ratio
KNN Algorithm 1 MemOmn -access 4.24ms 0.43mJ 3.04ms 1.2m] [.4 0.36

KNN Algorithm 2 I 1.23ms 0.003J 0.93s 84] 0.0013 3.57E-05
Black Scholes Model European Option 0.0788ns | 1.67nJ 0.164ns | 14.76n) | 0.48 0.11

Black Scholes Model Asian Option Floating-point computation 0.0815ns | 1.96n] 0.168ns | 15.12n) | 0.45 0.13

Heston Model European Option = 0.157ns 3.33n] 0.604ns | 48.32n) | 0.26 0.069

Heston Model European Barrier Option 0.158ns 4.9][711] 0.813ns | 65.04n] | 0.19 0.076
Bitonic Sort without HLS Optimizations MeMOry-access [52ms 760ml] 16ms 480mJ 9.5 1.58

Bitonic Sort with Optimizations ST [7ms 272m] 16ms 480m] [.06 0.57
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Figure 3.8: Comparison between different platforms.
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Donanim:FPGA vs GPU vs CPU

60

Energy Usage

* FPGA *

* Domain specific hardware

* high performance-per-watt m

* high-throughput

« real-time processing

 flexibility

 low latency I

« Custom I/O . II -— N = -
. GPU 51102477 ConvertChariTorlot RTm PoineWiselukiply  Findax

e Kolay 6grenim

* Yazihim destegi

* Genis kullanim alani .
 Dahaucuz
* CPU ve Mikrokontroller s
* En kolay 6grenim
* Yazihm destegi o4
e Genis kullanim alani I I
* Enucuz ; I II

512x1024 FFT  ConvertChardToFloat kthLaw PointWiseMultiply FindMax

W GTX1060 W Arria 10



Heterogeneous computing

Automotive tracks - Audi A8
Level 3: Aptiv zFAS controller

» NVIDIA Tegra K|

Traffic sign recognition
Pedestrian detection
collision avoldance warning
Light detection

Lane recognition

» MobilEye EyeQ3
Traffic sign recognition
360" camera Images & processing

Funcouns: Courtesy of Abtiy

CONES UL TINGS

{hsysTEmPi -

~ Altera Cyclone
Object fusion

Map fusion

Parking pilot

Pre-crash

Sensor data pre-processing

~ Infineon Aurix Tricore
Traffic jarm pilot

Assistance systems

Matrix bearn

Road graph

2000 | wwmcrpsemrphend - wasoraicrsmow co



Heterogeneous computing

Applications _
(Autonomous Driving) Tier 1V, Inc.
Middleware Saitama University

el The University of Tokyo

Al/ML Applications, Algorithms and Frameworks Operating S}"‘St °ms
Ecosystem - y —
P rensorfiow Caffe O Caffe?2 @xnet Android NNAPI e o Camera GNSS (GPS)
CPUs Accelerators
Software Libraries Optimized for Arm Hardware
Software
Products Arm NN _ S erogeneous SoC Axell Corp.
CMSIS-NN Compute Library Object Detection Libraries
Arm Hardware IP for Al/ML 1
Research Scope
Hardware CPU GPU ML and OD Partner IP p
Products Qrm CORTEX-A QFM NEON ArmMALI Processors DSPs, FPGAS,
CrMCORTEX-M  Armv8 SVE Ol;qeiih[;liei?;:IF()gD) Accelerators
armDynamlQ




Heterogeneous computing

Without FPGA Acceleration With FPGA Acceleration
CPU CPU FPGA
A A ‘
| B
| |
I Runtime
Reduct
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