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Autonomous Cars & Driverless Vehicles

« Strong involvement of Car Industry & Large media coverage

» An expected market of 500 B€ in 2035

 Technologies Validation => Numerous recent & on-going real- \3\9@*‘
life experiments (in addition to simulation & formal methocggo&g\"’”

)

e Me trials Robot Taxi testing in Pittsburgh (Uber) & Singapore (nuTonomy)
% 00 Test Vehicles in Goteborg, 80 km, 70km/h + Google / Lyft ?

* No pedestrians & Plenty of separations between lanes => Mobility Service, Numerous Sensors ... Engineer in the car during testing



Perception: State of the Art & Today’s Limitations

0 Despite significant improvements during the last decade of both
Sensors & Algorithms, Embedded Perception is still one of the major
bottleneck for Motion Autonomy

=> QObstacles detection & classification errors, incomplete processing of
mobile obstacles, collision risk weakly address, scene understanding partly

solved...

0 Lack of Robustness & Efficiency & Embedded integration is still a
S|gn|f|cant obstacle to a full deployment of these technologies

Trunk most of the time full of electronics & computers & processor units
=> High computational capabilities are still required
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Focus of the talk

Complex Dynamic Scenes
understandlng

Dealing with unexpected events
e.g. Road Safety Campaign, France 2014
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SMDAS & Autonomous B,r,lf U

LES STATISTIQUES
EVITONS DE RENTRER DEDANS.

Anticipation & IPredlctlon
Qr avoiding upcoming accidents

Sltuatlon Awareness
& Decision-making

Main features
v Dynamic & Open Environments => Real-time processing

v" Incompleteness & Uncertainty => Appropriate Model & Algorithms (probabilistic approaches)
v' Sensors limitations => Multi-Sensors Fusion

v Human in the loop => Interaction & Behaviors & Social Constraints (including traffic rules)

v Hardware / Software integration => Satisfying Embedded constraints
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Key Teehnol'ogy 1: Embedded BayeSIan Perception

Characterize the local Safe
_havigable space & Collision risk

Embedded Multi-Sensors Perception
= Continuous monitoring of the
dynamic environment

Q Main challenges
v Noisy data, Incompleteness, Dynamicity, Discrete measurements

v Strong Embedded & Real time constraints
Q Approach: Embedded Bayesian Perception
v Reasoning about Uncertainty & Time window (Past & Future events)
v Improving robustness using Bayesian Sensors Fusion
v Interpreting the dynamic scene using Contextual & Semantic information
v Software & Hardware integration using GPU, Multicore, Microcontrollers...
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Bayesian Perception : Basic idea

a Multi-Sensors Observations
Lidar, Radar, Stereo camera, IMU ...

Real-time

Q Probabilistic Environment Model
v’ Sensor Fusion
v Occupancy grid integrating uncertainty
v’ Probabilistic representation of \elocities
v’ Prediction models

X Black carg=
. A\ e WY
T 1 SR A T -

Concept of Dynamic Probabilistic Grid
=0Occupancy & Velocity probabilities
—Embedded models for Motion Prediction

a Main philosophy
Reasoning at the grid level as far as possible for both :
o Improving efficiency (highly parallel processing)
o Avoiding traditional object level processing problems (e.g. detection errors, wrong data association...)
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A new framework: Dynamic Probabilistic Grids
=> A clear distinction between Static & Dynamic & Free components

[Coué & Laugier IJRR 05] [Laugier et al ITSM 2011] [Laugier, Vasquez, Martinelli Mooc uTOP 2015]
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< Bayesian Occupancy Filter (BOF)
=> Patented by Inria & Probayes
=> Commercialized by Probayes
=> Robust to sensing errors & occultation

+ Used by: Toyota, Denso, Probayes,
Renault, Easymile, IRT Nanoelec / CEA

< Free academic license available

< Industrial license under negotiation
with Toyota, Renault, Easymile

© Inria. All rights reserved
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Bayesian Occupancy Filter (BOF) — Main Features

- - . Prediction Szﬁa
« Estimate Spatial occupancy for each cell of the grid P (O | Z) Bl ) v
. |
1 1 1 H H - Grid update— e ‘
 Grid update is performed in each cell in parallel (using BOF equations) |géseis skl s
 Extract Motion Field (using Bayesian filtering & Fused Sensor data) '
(Petocity)

Reason at the Grid level (i.e. no object segmentation at this reasoning level) #H

¢ Occupancy Grid s Motion field
. (static par-p i(Dynamic p'a-[t)

Sensors data fusion
+

Bayesian Filtering
~

Free space L-'
+p “‘.. -
Moving car (i,

2 pedestrians@
SN

Static obstaclesww,,

© Inria. All rights reserved
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Experimental Results in dense Urban Environments

Observed Urban Traffic scen
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Ego Venhicle (not visible on the video) OG Left Lidar OG Right Lidar OG Fusion

+
\elocity Fields
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Recent implementations & Improvements

& Several implementations (models & algorithms) more and more
R adapted to Embedded constraints & Scene complexity

< Hybrid Sampling Bayesian Occupancy Filter (HSBOF, 2014)  [negre etal 14] [Rummelhard et al 14]
=> Drastic memory size reduction (factor 100) + Increased efficiency (complex scenes)
+ More accurate Velocity estimation (using Particles & Motion data from ego-vehicle )

< Conditional Monte-Carlo Dense Occupancy Tracker (CMCDOT, 2015)  [Rummelhardetal 15]
=> Increased efficiency using “state data” (Static, Dynamic, Empty, Unknown) + Integration of a
“Dense Occupancy Tracker” (Object level, Using particles propagation & ID)

< CMCDOT + Ground Estimator (under Patenting, 2017) [Rummelhardetal 17]
=> Ground shape estimation & Improve obstacle detection (avoid false detections on the ground)

Detection & Tracking
& Classification

Grid & Pseudo-objects Tracked Objects Classification (using Deep Learning)




Ground Estimation & Poiint Cloud Classification

— Smart OG generation taking into account the ground shape & height of laser impacts
—> Process properly sensors data (for OG & DATMO) & Avoid false detections on the road surface

Non-Ground\‘ Vehicle

Very-high Obstacles Non-Ground

Ground

Estimated ... -+ x Z—
elevation of Vehicle

ground
N

Very Sparse Data

Xelodyne HDL64 Ibeo-Lux 4 layers

Velodyne HDL 64

+Ground estimation : 1m x 1m ground node resolution
=> ground-points in green, obstacles in pink / red
*Occupancy grid : Images 0.1m x 0.1m occupancy grid resolution
=> green for free space, blue occupied, red unknown

Ibeo-LUX 4 laser

< Approach under patenting, to be soon published [1]

< Model accurate enough to represent rolling roads & Efficient enough for real-time performances on
embedded devices

< The complete system (including CMCDOQOT) has been implemented on a Nvidia Tegra X1
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Integration of CMCDOT on a commercial vehicle

(cooperation EasyMile)

S5 e

* Founded in 2014, EasyMile is a high-tech startup specialized in providing both software powering
autonomous vehicles and the last mile smart mobility solutions

* The company (70 employees) is headquartered in Toulouse (France), with offices in Singapore and
Denver (USA). It also operates through value added resellers, notably in Japan and the Middle East

*The full system is implemented on a Nvidia TX1, and has directly (and easily) been
connected to the shuttle system network (using ROS)

* Sensor data is fused and processed, results are computed and provided in real-time

* Further full integration for the commercial product under discussion

Point cloud classification, with a pedestrian behind the shuttle, CMCDOT filtered OccupancyGLd §i5 Inferred Velocities
and a car in front ‘

Detected
movipg of‘bjec___t§

/V”Iodyne VLP16

MS’| mono layer
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Key Technology 2: Risk Assessment & Decision

=> Decision-making for avoiding Pending & Future Collisions

~ Risk- Based DeC|S|on makmg
,—> Safest mane‘uver to execute

Alarm 7 Control

Q Main challenges
Uncertainty, Partial Knowledge, World changes, Human in the loop + Real time

Q Approach: Prediction + Risk Assessment + Bayesian Decision-making
v Reason about Uncertainty & Contextual Knowledge (using History & Prediction)

v' Estimate probabilistic Collision Risk at a given time horizon t+¢

v Make Driving Decisions by taking into account the Predicted behavior of all the observed
surrounding traffic participants (cars, cycles, pedestrians ...) & Social / Traffic rules
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Underlying Conservative Prediction Capability
=> Application to Conservative Collision Anticipation
[Coué & Laugier IJRR 05]

Autonomous -,-a"' -
Vehicle (Cycab) S48

Parked Vehicle
(occultation)

 —

' - ,ei.’ ﬂ_’ AAEN —
W— - ak Pioneer
- Results
(2005)

Thanks to the prediction capability of the BOF technology, the Autonomous Vehicle “anticipates” the
behavior of the pedestrian and brakes (even if the pedestrian is temporarily hidden by the parked vehicle)
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Step 1: Short-term collision risk — Main features
=> Grid level & Conservative motion hypotheses (proximity perception)

W] Main Features Proximity perception: d <100m and t <5s
8=0.5s => Precrash
“p3: . . 99 _ 6=1s == Collision mitigation
o Detect “Risky Situations” a few seconds ahead (3-5s) 5> 155 == Warning/ Emergency Braking
o Risky situations are both localized in Space & Time . 00

= Conservative Motion Prediction in the grid (Particles & Oc$
= Collision checking with Car model (shape & velocity) for%/ future time steps (horizon h)

o Resulting information can be used for choosing A@mance Maneuvers
>

Q Collision Risk Estimation: Integ%wéf @@overatlme range [t t+J]
=> Projecting over time the estim% e&t&ﬂbes (DP-Grid) & Car Model (Shape + Motion)

X~
t t+2dt
D *\@%“0
I Dyna il 1 ) Y . . .
o &.“ | / —
. @; . 58 . PF‘“ _ pr -
- g ‘l :,‘ CIe ? B 7 ) 7
|9 A
11 [ | I o A | O .
&o( Collision

Car model

t t+1 t+2




Short-term collision risk — System outputs (real-time)
=> Static & Dynamic grids + Risk assessment

ﬁynamie Risk /Alarm

*Risk Location
: Collision Probability
gk M‘:,’& TTC
- o]

’ . {

' ~Moving . .

Dummy A ; No-risk (White car) |

' - | =>safe motion directiq.
X L e ' “
- Observed !

moving Car { .di
: T, ‘ 5 f 2 Highrisk
imerawviews SRS =2 PR

1s before the crash' a

More details in related Interactive Session
(presented by Tiana Rakotovao)

C. LAUGIER - “Embedded Bayesian Perception and Collision Risk Assessment” © Inria. All rights reserved

IEEE ICRA 2017 WS on Robotics and Vehicular Technologies for Self-driving cars , Singapore, June 2" 2017



Short-term collision risk — Experimental results

— Detect potential upcoming collisions
— Reduce drastically false alarms

EgorVehicle

- - ..uv Ié‘ \
Other venicTeMi HCCUERUTT

Urban street experiments Crash scenario on test t-acks

=> Alost no false alarm (car, pedestrians ...) => Almost all CO”}SigrlS:gpget?é%?g before the crash

More details in related Interactive Session
(presented by Tiana Rakotovao)
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Step 2: Generalized Risk Assessment (Object level)
=> Increasing time horizon & complexity using context & semantics
=> Key concept: Behaviors Modeling & Pred'retmn

Decision-making in complﬁrafflc situations=
v Understand the current traffic S|tuat|on & ts likely evolution

v Evaluate the Rlsk of future collision by-reasonlng on traffic part|0|pants Behaviors
v’ Takes mtoac@nt Context & Semantlcs

. ; : L : Context & Semantics
Highly structured environment + Traffic rules , History + Space geometry + Traffic rules

=> Prediction more easy , +
/ / (2] Behavior Prediction
— - For all surrounding traffic participants
+

Probabilistic Risk Assessment




Behavior-based Collision risk (Object level)
=> |ncreased time horizon & complexity + Reasoning on Behaviors

Q Trajectory prediction & Collision Risk => Patent Inria -Toyota - Probayes 2010

~ N Courtesy ] Speed: 96 km/h || Risk:00% | TTC:>10's
Informatics 7 mahamaties : - U (0] 5
V7 i AN
TOYOTA ProbaYes Probayes

Q Intention & IExpectatlon => Patents Inria - Renault 2012 & Inria - Berkeley 2013

model

P((I7 = 0][E} = 1]|0
Intentlon Expectatlon
model model BN




Experimental Vehicles & Connected Perception Units

§ e\ ."Velodyne
‘eoeo % \ : i .I : 3DI| ar

g M RY ¢

U Eamras)

-

- . O | ' v IBEO lidars
" 2Pidars IBEO Lux ~

E— |

Connected Perception Unit
=> Same embedded perception systems than in vehicles

Nvidia GTX Titan X Nvidia GTX Jetson TK1 Nvidia GTX Jetson TX1
Generation Maxwell Generation Maxwell Generation Maxwell
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Software / Hardware Integration - GPU implementatior

. Highly parallelizable framework, 27 kernels over cells and particles
=> Occupancy, speed estimation, re-sampling, sorting, prediction

. Real-time implementation (20 Hz), optimized using Nvidia profiling tools

Results: [15cm x 5cm
« Configuration with 8 Lidar layers (2x4) I
« Grid: 1400 x 600 (840 000 cells) + Velocity samples: 65 536 o
=> Jetson TK1: Grid Fusion 17ms, CMCDOT 70ms
=> Jetson TX1: Grid Fusion 0.7ms, CMCDOT 17ms T someters

77 IR

6.618 s 6.62 s 6.622 s 6.625 s

CMCDOT UPDATE

[ Compute objects ____[IResa™
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Experimental Areas

Q Protected experimental area

Connected
Perception Unit

Un engace 2 saparimentation  J platelormes

More detalls m related Interactlve Sessmn
(presented by Tiana Rakotovao)

a Open real traffic (Urban & Highway)
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V2X: Distributed Perception Experiment

Connected
Perception Unit

| e
Ry o
D

oyjng{pbstacle |
peed by e Bu= |

o, Sy
Camera Image provided by the Camera Image provided by th
Zoe vehicle Perception box

C. LAUGIER - “Embedded Bayesian Perception and Collision Risk Assessment” © Inria. All rights reserved

IEEE ICRA 2017 WS on Robotics and Vehicular Technologies for Self-driving cars , Singapore, June 2" 2017



V2X: Data exchange & Synchronization

Q Data exchange ::ROS
ITRI GPS position + Velocity + Bounding box ITRI

broadcast
\ / (broadcast) S
) - - -
S Collision Risk (CMCDOT)

(space & time localization, probability)

ITS-G5 (Standard ITS Geonetworking devices)
Basic Transport Protocal IEEE 802.11p

Q Synchronization

Chrony (Network Time Protocol)
GPS Garmin + PPS Signal (1 pulse per second)

Serial Port GPIO + UART
—

C. LAUGIER - “Embedded Bayesian Perception and Collision Risk Assessment” © Inria. All rights reserved
IEEE ICRA 2017 WS on Robotics and Vehicular Technologies for Self-driving cars , Singapore, June 2" 2017



CMCDOT - Complete process illustration

Sensor data

N
Informatics g mothematics é

LA —
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