N

N

Dynamic Scene Understanding and Upcoming Collision
Prediction to improve Autonomous Driving Safety: A
Bayesian Approach

Christian Laugier

» To cite this version:

Christian Laugier. Dynamic Scene Understanding and Upcoming Collision Prediction to improve
Autonomous Driving Safety: A Bayesian Approach. RWIA 2018 - International Conference on Robotic
Welding, Intelligence and Automation, Dec 2018, Guangzhou, China. pp.1-26. hal-01970468

HAL Id: hal-01970468
https://inria.hal.science/hal-01970468
Submitted on 7 Jan 2019

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://inria.hal.science/hal-01970468
https://hal.archives-ouvertes.fr

Dynamic Scene Understanding & Upcoming
Collision Prediction to improve Autonomous

Driving Safety: A Bayesian Approach

Christian LAUGIER, Research Director at Inria

Inria Chroma team & IRT nanoelec & Scientific Advisor for Probayes and for Baidu China

christian.laugier@inria.fr

Contributions from

L. Rummelhard, A. Negre, N. Turro, J.A. David, J. Lussereau, C. Tay Meng Keat, S. Lefevre

ADAS & Autonomous Driving 4 ZpAState

Invited Plenary Speech

eyt PP

Dynamie
oy - TP

-
-‘l»._.M
t

1

-

High risk
(Pedestwian)

{ No risk §
) (White carjg

Risk /Alarm

* Risk Location

* Collision Probability
- TTC

©,

2018 International Conference on Robotic Welding, Intelligence and Automation (RWIA’2018) Guangzhou (China),

December 7-10 2018

rd

5 informatics #¥ mathematics

© Inria & Laugier. All rights reserved

{:i:i ) IWELEC.




Autonomous Cars & Driverless Vehicles

« Strong involvement of Car Industry & GAFA & Large media coverage
* An expected market of 500 B€ in 2035... but Legal & Regulation issue Bar

» Technologies Validation & Certification => Numerous recent & on-goigysreal-life
experiments (insufficient) + Simulation & Formal methods (e.g. EU Enanﬁ%“

Numerous EU projects in last 2 decades
Cybus experiment, La Rochelle 2012
(EU CityMobil project & Inria)

Tesla Autopilot based on Radar & Mobileye
Commercial ADAS product =>tested by custow

S

. ' J| nuTonomy
AN (7, | S (7

1) = ,
“Robot Taxi” testing in US (Uber, Waymo) & Singapore (nuTonomy)
) = Autonomous Mobility Service, Numerous Sensors + “Safety driver” during testing
g, 80 k_m, 70km/h = Uber: Disengagement every 0.7 miles in 2017, improved now
of separations between lanes = _ \waymo 2018 (10 years R&D, 25 000 km/day, 15t US Self Driving Taxi Service in Phoenix

Drive Me trials (
* 100 Test Vehicles
* No pedestrians & Pig#



Safety issue: Example of the Tesla accident (May 2016)

0 On May 7t 2017, Tesla driver killed in a crash with Autopilot active
0 The Human driver was not vigilant => A false sense of Safety for the user ?

O The Autopilot didn’t detected the trailer as an obstacle (truck turned left & obstructed the road)
o Camera => White color against a brightly lit sky ?
o Radar => High ride height of the trailer probably confused the radar into thinking it is an overhead road sign ?

& Tesla Model S travels with the &5
SAutopilot activated

rears up the roof, but
ehicle passes underneath S

Tesla Model S — Autopilot
Front perception:
Camera (Mobileye)+ Radar + US sensors

he Model S continues on
he road for a few hunderd
feet but veered off and hita
ence
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Safety issue: Example of the Uber Accident (March 2018)

0 Self-driving Uber kills a woman in first fatal crash involving pedestrian
Temple, Arizona, March 2018

O The vehicle was moving at 40 mph and didn’t reduced its speed before the crash
=> |n spite of the presence of multiple onboard sensors (several lidars, cameras ...), the perception
system didn t predicted the collision !

O The Safety Driver didn’t appropriately reacted (he was not attentive enough)

=> Two dysfunctions: Failure of the Perception System & Disengagement process (the safety
driver reacted less than 1s before the crash and started to brake after the crash)
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Perception: Main Today’s Limitations

0 Embedded Perception & Dynamic Scene Understanding is still one of the
major bottleneck for Motion Autonomy == Perception errors may obviously
generate uncontrolled behaviors & accidents
e.g. False or missed obstacle detection, classification or tracking errors, wrong motion
prediction, unreliable collision risk assessment, wrong scene interpretation ...

0 Current lack of Robustness & Efficiency & Embedded integration is still a
major obstacle to a full deployment of Autonomous Driving technologies

Lack of Robustness
& Efficiency

_lnria /Toyota

N\

)

\

Lack of Integrationo
into Embedded

Sw/Hw
_ J

o Until recently, car trunks was most of the time full of electronics & computers & processor units

o Towards integrated high computational capabilities & dedicated software (e.g. Nvidia Drive-PX,
Ambarella embedded vision SoC presented at IROS 2018...)
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Embedded Perception & Scene Understanding
Overview

1 .? o A , LE:STATISTI UE; e
S‘i tuation AW&I"GHESS " EVITONS DE HEMIRER DEDANSIRCCREH
for avoiding upcoming accidents
=> FoA + Short-term collision risk

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

v" Incompleteness & Uncertainty => Appropriate Model & Algorithms (probabilistic approaches)
v’ Sensors limitations (no sensor is perfect) => 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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Paradigm 1: Embedded Bayesian Perception

_ LB Sensors Fusion X) :
o EE Map ing & Detect| '

Characterize the local Safe
_navigable 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 Our 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

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

Concept of Dynamic Probabilistic Grid
=0ccupancy & \elocity 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 more and more popular approach for Autonomous vehicles

= A clear distinction between

atic & Dynamic & Free components

Concept of “Bayesian Occupancy Filter” (Inria)

[Coué & Laugier IJRR 05] [Laugier et al ITSM 2011] [Laugier, Vasquez, Martinelli Mooc uTOP 2015]
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=> Patented by Inria & Probayes

=> Commercialized by Probayes

=> Robust to sensing errors & occultation
=> Appropriate for highly parallel processing

< Used by: Toyota, Denso, Probayes,
Renault, EasyMile, IRT Nanoelec / CEA

i % Free academic license available

" % Industrial licenses: Toyota, EasyMile

C. LAUGIER — Dynamic Scene Understanding & Upcoming Collision prediction to improve Autonomous Driving Safety: A Bayesian Approach

RWIA 2018, Guangzhou (China), December 7-10 2018

© Inria. All rights reserved



Bayesian Occupancy Filter Approach -

Main Features

=> Exploiting the Dynamic Information for a better understanding of the scene

 Estimate Spatial occupancy for each cell of the grid P (O | Z)

» Grid update is performed in each cell in parallel (using BOF equations)

« Extract Motion Field (using Bayesian filtering & Fused Sensor data)

Grid up

=> Bayesian
Eilter

Veloci ty Pr ob)ab ility

» Reason at the Grid level (i.e. no object segmentation at this reasoning level)
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Experimental Results in dense Urban Environments

Observed Urban Traffic scene
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Patented Improvements & Implementations

=> Several models & implementations more and more adapted to
Embedded constraints & Scene complexity |

< Hybrid Sampling Bayesian Occupancy Filter (HSBOF, patent 2014) ~ [eoe te el 0
=> 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)  [Rummelhard etal 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 (Patent 2017) [Rummelhard et al 17]
=> Ground shape estimation & Improve obstacle detection (avoid false detections on the ground)

Very-high Obstacles Non-Ground

Estimated ., *
elevation of
ground

Velodyne HDL 64

Ground Estimation & Point Cloud Moving Objects
Classification Detection & Tracking & Classification




System Integration in a commercial vehicle

o POC 2017: Complete system implemented on Nvidia TX1, and easil
connected to the shuttle system network in a few days (using ROS) *

o Shuttle sensor data has been fused and processed in real-time, with a
successful Detection & Characterization of the Moving & Static Obstacles

o Full integration on a commercial product under development with an
industrial company (confidential)

Point cloud classification, with a pedestrian behind the shuttle, MCMCDOT filtered Occupancy Grid + Inferred Velocities
and a car in front ~ : + Risk + Objects segr_nentgtio"n

/
2 Velodyne VLP16
FTMS mono layer
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Paradigm 2: Risk Assessment & Decision-making
=> Decision-making for avoiding Pending & Future Collisions

7 I 5 SR R = ,_. _
o ~_,Omplex dynamlc s tma‘l:lbn : Human Aware Situation Assessment _ Risk-Based Decision-making

éﬁ' 1;_‘;_.( : A
< .

Alarm 7 Control

Q Main challenges

Uncertainty, Partial Knowledge, World changes, Real time
Human in the loop + Unexpected events

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+8 (o= a few seconds)

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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Concept 1: Short-term collision risk — Basic idea
=> How to deal with unexpected events ?
=> Exploiting previous observations + Conservative collision Prediction & Avoidance

Parked Vehicle
(occultation)

Autonomous

Vehicle (Cycab) bt 28
Wy

-,
o

B Pioncer Results
(2005)

=\ Y [Coué & Laugier IJRR 05]

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)




Short-term collision risk — Main features
=> Grid level & Conservative motion hypotheses (proximity perception)
ad Main Features

Proximity perception: d <100m and t <5s
d=0.5s => Precrash

“p: . . 99 _ 6=1s => Collision mitigation

o Detect “Risky Situations” a few seconds ahead (3-5s) S 155 == veming/ Emerency Braking

o Risky situations are both localized in Space & Time

= Conservative Motion Prediction in the grid (Particles & Occupancy)

= Collision checking with Car model (shape & velocity) for every future time steps (horizon h)
o Resulting information can be used for choosing Avoidance Maneuvers

A Collision Risk Estimation: Integration of risk over a time range [t t+0]
=> Projecting over time the estimated Scene changes (DP-Grid) & Car Model (Shape + Motion)

t t+dt t+2dt
_naﬂc cell | . SEEE .
. o
B T ) H
Static obystacte 7 7
]
y ]
A1
i
LS l
Collision
Car model
t t+1 t+2




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

Uynamie Risk /Alarm

*Risk Location

: Collision Probability
NN
s +TTC

MNo-risk (White car) !
=>safe motion directigl

. & oy ' .
"~ Observed = IS
wd

- moving Car

le) .. V. JRedesn) @ | @

o FAQ : What happen if some velocities change after that the collision risk for the
next 3s has been evaluated ?

o Answer: The collision risk is recomputed at the next time step (i.e max 40ms after
the change of dynamics).
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Short-term collision risk — Experimental results

= Detect potential upcoming collisions
= Reduce drastically false alarms

7 'l |
“1/";"'/'; "! - |
y \l :

1 w*

- ., ',';311“ <

4 344 , } i A,ﬁ,l

‘ : A]_arm_ s |

- ‘m : 1 O | EgonVehicle
,——’) \NO alarm . - e

a sSEDUM M) expected events
Other. \{ehl S UL -.;

iban street experiments Crash scenario on test tracks
R

educe drastically False Alarms => Almost all collisions predicted before the crash
(0.5 — 3 s before)

\
=i

Collision Risk Assessment (video)

=> time to collision: 3s
=> time to collision: 2s
« Red => time to collision: 1s
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Concept 2: Long-term Risk Assessment (Object level)
=> Increasing time horizon & complexity using context & semantics

=> Key concept: Behaviors Modeling & Predretron
Decision-making in complex traffic situations- ‘

v Understand the current traffic situation & its likely evolution

v Evaluate the Rlsk of future collision byTeasonlng on traffic part|C|pants Behaviors

A ELCH mtoac@nt Context & Semantics

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

=> Prediction more easy . +
[ / 1034 Behavior Prediction
— ' For all surrounding traffic participants
+

Probabilistic Risk Assessment




Behavior-based Collision risk (Object level)
Approach 1: Trajectories Prediction & Collision Risk Estimation

Patent Inria & Toyota & Probayes 2010 + [Tay thesis 2009] [Laugier et al 2011]

Behavior modeiing & learning
Behavior Prediction

_LLLl E:_tg;_lred ’ - — i ——————
H T HMM /

Overtaxing HMM
TurningRight HMM
3 ContStraAhead HMM|

Additional Sensors
(light indicators, etc..)

Road Geometry

L1

******************************************* T \:\eq Py

k Behaviour Estimation

1 |

Ego-Vehicle Risk Estimation
Trajectory ! > - - i

T e e e o—

Target I
Tracker

From behaviors to trajectories

Lane Turning Left

Lane middle

GP samples
for alane turning left

Gaussian Process + LSCM

Collision risk assessment
(Probabilistic)

pE—

&D

TOYOTA

BN

ProbaYes

Courtesy Probayes

Experimental Results
Behavior Prediction & Risk Assessment on highway
Probayes & Inria & Toyota

Intended Path of Vehicle B Gaussian Process (Lane Change)

Vehicle B s
is| sti n for This Vehicle)

Vehicle A . /

MC simulation

Gaussian Process (Moving Straight)




Behavior-based Collision risk (object level)

Approach 2: Intention & Expectation Comparison
=> Complex scenarios with Interdependent Behaviors & Mixed Traffic

[Lefevre thesis 13] [Lefevre & Laugier 1V’12, Best student paper]

Patent Inria & Renault 2012 (risk assessment at road intersection)
Patent Inria & Berkeley 2013 (postponing decisions for safer results)

r d
5 Informatics # mathematics @

RENAULT

A Human-like reasoning paradigm => Detect Drivers Errors & Colliding behaviors
v' Estimating “Drivers Intentions” from Vehicles States Observations (X Y 6 S TS) => Embedded Perception and/or V2X

v Inferring “Behaviors Expectations” from Drivers Intentions & Traffic rules

v'Risk = Comparing Maneuvers Intention & Expectation

=> Taking traffic context into account (Topology, Geometry, Priority rules, Vehicles states)
=> Digital map obtained using “Open Street Map”

2 Blind rural intersection
(near Paris)

([frn = ()] [E;.r = 1]|Oﬂ:t]
Intention model Expectation model




Experimental Vehicles & Connected Perception Units

Renault Zoé

(-1 Velodyne
I.L— 3D lidar
g\

‘-‘

\

cameras \

2®idars IBEO Lux

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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Experimental Areas

Q Protected experimental area

Connected
Perception Unit

Un sagace 2" saparimentation | J platselormes

R

o ——
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Paradigm 3: Distributed Bayesian Perception (using v2x;

Q Data exchange & Synchronization

Bl

i:ROS
Broadcast ITRI
=> GPS position + Velocity + Bounding box§

Collision Risk (CMCDOT)
=> Space & Time Localization + Probability

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

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

.o
Serial Port o~ \ GPIO + UART

Connected Perception Box

Zce vehicls View from the box camera

View from the front camera

e,




Paradigm 4: lmgr-ovements using Machine Learning
=> Current & Future work

» Various Dynamics & Motion constraints

, e _ « Adapted Collision Risk Assessment & Collision
B avoidance maneuvers

_ , =
EasyMile Shuttle lveco bus Renault Zoe » Cooperation IRT Nanoelec, Renault, Iveco ...

Q Models enrichment using Semantic Segmentation & Deep Learning

Deep
Segmentation Semantic Geometric

Image Registration
e JIESEN
=>4
- -

Fusion -

Semantic] WY
_ MNetwork Grid g

Occupancy

Grid

* Semantic Grids

 Cooperation Toyota &
IRT Nanoelec

* Patent Inria-Toyota
[IROS’18] [ICARCV’18]

gy Modelof the » Driver Behavior modeling using Driving dataset & Inverse
| Reinforcement Learning => Human-like Driver Model
Front view-— » Motion Prediction & Driving Decision-making by using
- —3 o . ; .
LS learned Driver models & Dynamic evidences

 Cooperation Toyota
+ 2 Patents & 3 publications (ITSC 2016, ICRA 2017, ICRA 2018)
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