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Scientific challeng

« Overall challenge

Robots iIn Human Environme

ITS for improving safety & comfort & efficienc Personal Assistant & House Keeping & Rehabilite

« Main Motivations

Important socio-economic perspectives Transport, Aging society, Medical care &
Rehabilitation, Human assistance, Intelligent hame

Increasing interest of industey Automotive industry, Robots, Health sector, &&=y ...

Challenging research topics> Dynamic world, Robust perception, Safety, Humarare
Motion, Complex Human-Robot interactions ...

Robotics state-of-the-art Progress in ICT Technologiésomputers, sensors, micro-
nano technologies, energy ..9> Challenge potentially reachable




New problems to be address

Introducing Robot in our daily lives brings new challenges to Robot

Personal Assistant

* Robot & Human have to safely

Cooperate & Accomplish tasks together
Communicate & Interact
Co-exist

=> New concept : Socially Acceptable Robot Motions & Behaviors

=> New environments :Open & Dynamic & Uncertain




Required technological breakthroughs

* Robust Perception & Understandlng of Open, Dynamic,
Uncertain (ODU) environggitiiiams

* Motion Autonomy in ODU environments .... with a specia
emphasis on Safety issug




Some previous large experiments
Tour-guide robots (Swiss National Exhibition Eme()Z)

BlueBotics SA & Autonomous Systems Lab

* 4 Months, Dally operation, Up to 12h/da
Up to 11 robots simultaneously

» 13 300 hours Operation time, 3 300 km
Traveled distance, 680 000 Visitors




Some previous large experiments
CyberCars Public Experiments (INRIA & EU Partners)

]

. Several successful large scale experiments i *'“‘_-*"‘_“._2_ f"’_é_" |
§ public areas oy v J}a : j‘

= * Some CyberCars products in commercial use | g ..jf
(e.g. Robosoft, Frog ...)

Shanghai Public Demo (2007)



Some previous large experiments
Urban Challenge 2007

* 96 km through an urban environment, 50
manned & unmanned vehicles

35 teams for qualification (NQE during 8 dayy),
11 selected teams, 6 vehicles finished the racég

 Road map provides a few days before the rage,
= Mission (checkpoints) given 5 mn before the rqce

» Several incident/accidents during the e
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Open research Issu

« Human environment is still an open research issue for Robotics
Large experiments in some human environments Is a necessary

However, major issues such aRobustness to uncertaintyénd
“Safety” have to be more deeply addressed

e Main problems to solve
World & Task complexity> Scalability
Reactivity & Real-time constraints> Efficiency
Incompleteness & Uncertaingy> Reasoning about uncertainty

Human in the loop> Human factor in the decisional process & S




General Approac

 Revisit traditional approaches not fully adaptedhe
processing ofHuman environments

e Design new models & algorithms adaptedCtmmplex &
Highly dynamic & Partly known environments

e Focus onRobustness & Efficiency & Safety
e Uncertaintyhas to be placed at the heart of the Decisione

ProcessProbabilistic modelshould probably seen as key
tools.




Key related problems for Motion Autonomy

Moving safely amidst Stationary & Moving obstagleshicles, pedestrians ..
In Open & Dynamic & Uncertain environments

e Continuously changing environment
Continuous world modelingsing sensors
Space & Timénave to be considered
Realttimeprocessing is required

» Sensed Stationary & Moving obstacles TE o B |
SLAM + DATMO M ﬂ \

B
Tl

i '-
y" 5 e ;‘{ T o W'-—. e
Uncertaintyis a key issue (perception, local / r},ﬁ }5 0 7 “mt
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e Uncertain & Dynamic environments

World changes PREDICTION is necessary
RISK based navigation decisions (based on world states EstimatiomegiiEtion)




. Robust dietectiom & tirackimg)

. Prediction & Risk assessmer

. Hummeam-Robat Interaction




Multi-Olyectt Trackimgy: Stk -of- thewatl)l)

Car

Data Association Filtering (object dynamic estimation)
* 1-Scan * A single dynamic model
Global Nearest Neighbor (GNN) Kalman Filter (KF or EKF)
Joint Probabilistic Data Association (JPD Particle Filter (PF)
* N-Scan :Multiple Hypothesis Tracking (MHT) * N models:Interacting Multiple Model (IMM)

* Tracking “point” objects (clusters)
JPDA + PF => Tracking people, indofftchulz et al. 01]

MHT+IMM => General objects, urban traffigsVVang04] [Burlet 07]

=> More robust ... but well-known problems with laser-based trackifighsid !
(objects splitting, Appearing & disappearing targets ...)




Multi-Othjjectt Thackimyy: Stk -of- thewa 2)2)

 Model-based approaches

— Vision => More info for detection & classification, Less accurate distafuzeracking
MCMC (1-Scan) + KF => VehicldSong & Nevatia. 2005]
MCMC (1-Scan) + KF => Peoplg&Zhao & Nevatia 2008]
MHT + EKF (stereo vision) => Peop|Ess et al 2008]

— Laser => Less informative, Accurate distance , More robust to environgmmdition:
GNN + PF (Flexible models) => VehicldBetrovskya &Thrun 08]
GNN + EKF (fixed models) => VehiclegJrmson et al. 08]
MCMC (N-Scan) + IMM (fixed models) => Vehicles & Pefigu & Aycard 09]

o Current work: Improving robustness using Sensor Fusion
Some promising results for pedestrians detectiorgigsion & LaselnBroggi 07]

An efficient tools Bayesian Occupancy Filfebue & Laugier 05]




L aser-{based Wik pertts ettt & Tiseadnmg

“PreVent” EU project [Burlet, Vu, Aycard 07-08]

o Grid-rassd Obsiades Detedion (usimg Oooupancy @Gs)ls)

Free Space
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Incremental OG Mapping Moving Object detection => Chec
(sliding window) consistency “OG / Raw laser dats

o Multi-Qiye=tts Trssatiinmy
Mapping & localization:Scan matching
Data Association:Multiple Hypotheses (for n time §

Filtering : Interacting Multiple Models




Multi-oects DATWMO -PregioasResalils

“PreVent” EU project, Versailles demo 2007 (Daim€hrysler & Ibeo test vehicle)

Grid-Based approach
Multiple Hypotheses & Interacting Multiple Models

Computational time ~ 10 ms

Multiple Hypothesis Tracking of Moving Objects
using Grid-based Fusion

Julien Burlet, Trung-Dung Vu, Olivier Aycard
LIG & INRIA Rhdéne Alpes, France

» Two short range radars Contact: Olivier Aycard@inrialpes.fr
* A laser scanner ALASCA




DATMO —Known problems using laser scanne

 Objects are represented by clusters of points
» Tracking clusters leads to a degradation of tracking results

* Object splitting (occlusions, glass-surfaces) makes the tracking
harder

Partial occultation Sensor error




et apoEth g@

Segment data => Bayes filter: RBF}
Associate data: MHT (1 Scan)

Update filter: EKF

= Model: o {° dynamics
= o dynamics * geometry

|Clustering ¥ Geometric




INRIA T-Scans ModiebbasddAdppoaabh

Data-Dinvemn Markov-Cinaim MomieCaallm [VU & Aycard 09]

Sliding window oveflT-scang Time

Horizon)

Find the best explanation object
trajectories (track)ased orspatio
Temporal consistency in both apg
(model) &motior

\Ylele[SIMEFEIET0l 7 is a sequence of shapes

P ! . .

Sampling-based method (MCMC _i
avoid enumerating all possible solttiGRSSSs

®" = argmax P(w|Z)
(3




DDMCMC — NModiels & Hypotheses processi

Bus, Truck, Car, Bike Pedestrian
* Box model (fixed size)  Point model
* Dynamic model (v, a, turn, stop) * Dynamic model (v

Results Navlab .

s - . . T
X= (\ v, We, s 1»-‘.(1.9.9)T X=(x,y, vy, vy)

e e I Neighborhood graph
- j e il il of hypotheses

b N
L-shape & I-shape => Box model ~ Search ofP( |Z) over space of moving object hypothe
Else wise => Point object




More Robust Detectors ?
Vision & Laser Fusion for pedestrian detection (\fab)

Courtesy of A. Broggi (Vislab, Parma Universit




Bayesian Sensor Fusion for “Dynamic Perception
“Bayesian Occupation Filter paradigm (BOF)”

Patented by INRIA & Probayes, Commercialized by Probaye:

BOF
Continuous Dynamic environment modelling \

Grid approach based ddayesian Filtering

EstimatedProbability of Occupatior& Velocity of each
cell in a 4D-grid

Application toObstacle Detection & Tracking
Dynamic Scene Interpretation

=> More robust to Sensing Errors & Temporary
Qccultation /

Concealed

[ e ——r space
Unobservable B (“shadow” of [{Mp

Occupancy grid i cpace | _SEENE the obstacle)

_ Fstlmatlon
Occupied L& =

space

Sensed moving obstacle P([O~occ] |z 9
c=[x,y, 0, 0and z=(5, 2, 0, 0)




Application to Fusion based Detection & Tracking

 Data association is performed as lately as possible |
» Tracking more robust to Perception errors (false,, ..
) ke |

positives & negatives) & Temporary occlusions | Y TV ON IRV ROt Tooteato T1Te

Moving Obstacles

on industrial data (e.g. Toyota ...)

Denso Data Set




Robustness to Temporary Occultation
Tracking + Conservative anticipationCoué & al IJRR 05]

Autonomous Vehicle Parked Vehicle (occultatic

/Specification
® Variables :

- V& \K&1: controlled velocities
- 79k : sensor observations

- GX: occupancy grid

Description
A

O PtZ[H\ Vk 1_“-’;\"’1 Gk] =

e Parametric forms :
N « P(GK| 20K : BOF estimatic
P(VK| V1 GK) : Given or learn

Inference

Thanks to the prediction capability of the BOF, ftagonomous Vehicle
“anticipates” the behavior of the pedestrian arakbs (even if the pedestrian is
temporarily hidden by the parked vehicle)




. Robust dietectiom & tirackimg)

. Prediction & RiIsk assessmer

. Hummeam-Robat Interaction




Modeling (Predicting) the Future (1)

[Vasquez & Laugier 06-08]

* Risk assessment requires to ba#timatethe current world stat& Predict
the most likely evolution of the dynamic environimen

e Objects motions are driven bintentions” and“Dynamic Behaviors” =>
Goal + Motion model

e Goal & Motion models are not known nor directlyseingblie
“Typical Behaviors & Motion Patternstan be learned through observatic




: & sl Goal Estimation

Modeling (Predicting) the Future (2)

Our Approach[Vasquez & Laugier & 06-09]

* Observe & Learn “typical motions”

e Continuous “Learn & Predict”
Learn => GHMM & Topological maps (SON)
Predict => Exact inference, linear complexity

State Estimation
State Prediction --—.
-

/

& = Goal Estimation

State Estimation

N
7

Experlments usmg Leeds parklng d

A, il IR i T O,




Collision Risk Assessment (1)

Probabilistic Danger Assessment for Avoiding Future Collisions
[Tay PhD thesis + Collaboration Toyota]

 Existing TTC-based crash warning assumes that motion is linear

e Simply knowing position & velocity of obstacles at each time
Instance Is not sufficient for risk estimation

e A more accurate description of motion for PREDICTION by

Semantic (turning, overtaking ..andRoad Geometry (lanes, curves
Intersections ...)Is necessary !!!!




Collision Risk Assessment (2)

e Behaviors :Hierarchical HMM (learned)

Vector of L, for each
time step

...............................

Gaussian Process (Lane Change)

Intended Path Of VYehicle B

mlx ) fle) — miz')]

GP: Gaussian distribution over function

P{Y X, X, ¥)

Ty .
Gy, Ly, ]

K{X.,X) [K(X, X)+o1] Y | o
Bv, = K{XoX)= K{X, X) [K(X. X)+ 0% K(X,X.] Goscde 4
Prediction: Probability distribution (GP) using mapped -~

Gaussian Process (Moving Straight)

past n position observations




Collision Risk Assessment (3)

Additional Sensors [ Road Geometry ]
(light indicators, etc..)

Behaviour Estimation N targets

M targets

Ego-Vehicle
Trajectory




' Own vehicle

Behavior
Prediction
(HMM)

Risk
Assessment
(GP)

Simulation Results

Cooperation Toyota & Probayes |

Own vehlcle
Risk estimation ‘n

aussian Procesil

-

_—

Observations

o1
0 4

Behavior bellef table for

High-level
Behavior prediction
for other vehicles
pbservations + HIVA

-l""“"'--—---__;'

: Prediction
Behavior models

% : Evaluation
Road geometry (GIS) + Own

each vehicle in the scene vehicle trajectory to evaluate

Behavior belief table

Collision probability
for own vehicle



Simulation Results intgessettoon

Good sensitivity to risks




No unnecessary risk panics in intersection

Christiar LAUGIER - Keynote FSR’09, Bost 34



1. Robust detectiom & tirackimg)

2. Prediction & Risk assessmer

3. Sale goaboreeréedmaanpditoon

4. H-I’uunnmn}Ro‘gq Interaction

Christiar LAUGIER - Keynote FSR’09, Bost 35
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A new framework for Motion Planning ir

Open & Dynamic environments (1

[Fraichard 04] [Petti 06]

Repeat until goal is reached

1. Get model of the futu®bservation & Prediction)
2. Built tree of partial motions towards the goal

3. When time . is over, Returrf best partial motion ”
(e.g closes & safest

Christiar LAUGIER - Keynote FSR’09, Bost 37



A new framework for Motion Planning ir

Open & Dynamic environments (2

[Fraichard 04] [Martinez 08]

<«— Moving

og;?:gl? k Obstacle
Avoiding instantaneous collision is not enough ! Oﬂ“"s‘a‘es
We also have to avoid states leading to “Inevitab +¥L’L?e C5/ \
Collisions” in the near future J Is//’§
- . I ICS-free
Doing nothing may also be dangerous ! Iﬁé‘\”/\é/ T
[

[Martinez 08]
[Martinez 09]
[Bautin 09]

Christiar LAUGIER - Keynote FSR’09, Bost 38



[Fulgenzi & Laugier 07-09]

 MP using Probabilistic Collision Risk(PCR-HRRI))
Integrate Obstacle Detection & Tracking
Risk assessment based on Behavior Prediction (HMM & GP)

Search function combining RRT and PRviously explored states are
updated on-line using new Observations & Predictions)

Observation

\

Pedestrian Prediction
Real scene Processing & Recording  Reconstructed scene MP & Navigation
(Detection & Tracking) (Simulator) (Simulator)

Christiar LAUGIER - Keynote FSR’09, Bost 39



[Fulgenzi & Laugier 07-09]

Pedestrians—,,

RRT using Mapping & Tracking & “Conservative” Pretion

Christiar LAUGIER - Keynote FSR’09, Bost 40



Robots in Human Environments :

Dynamics, Uncertainty, Scalability, Efficiency

Robustness &
Safety are major issueotbdenorerd ey v dditiesse chith éututaere

Uncertainty
Probabilistic models

Prediction & Risk Assessment

Christiar LAUGIER - Keynote FSR’09, Bost



http://emotion.inrialpes.fr/laugier
christian.laugier@inrialpes.fr
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