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Perception for The Urban Challenge
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Applanix
GPS/INS

Velodyne
multi-plane lidar , /1145 \Y
360°x26° FOV, 60m g ) | A Vi
SICK

SICK Scanning Lidar
90/180° FOV, 40m

Continental
ISF 172 lidar

14°, 150m
Continental

Object
| ' N ° ARS 300 radar ~16 Sensors total
180° FOV, :
ra.C kl g multi-plane, multi-echo 60/177, 60/200m
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Perception Architecture

Mission Planning Behaviors Motion Planning
Perception

_ Moving Obstacle List _
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Moving
obstacle
tracking

Static obstacle
mapping

Road shape
estimation
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Perception Architecture

tracking

Mission Planning Behaviors Motion Planning
A A
Perception
Moving Obstacle List _
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Static Obstacle Mapping T

2D gnd-based obstacle

representation

— Grid scrolled as vehicle
moves

Sensors generating static

maps

— Velodyne segmenter

— IBEO mapper

— SICK obstacle map

— Curb point mapper

Multiple grids fused into a
single map
— Different update rates
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TARTANRACING

Wavelet Curb Detector

* Looking for geometric features on
the side of the road

* Haar wavelet transform used to
identify edges along lidar scans at
multiple resolutions
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Perception Architecture

Mission Planning Behaviors Motion Planning

A A

Perception

Moving Obstacle List _
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Detecting/ Tracking Moving Obstacles

e Multi-sensor, multi- * Extended Kalman Filter
object trac|<ing — Simple bicycle model
h » Used when shape from
arcnrtecture idar is available
° Sensors — Point model
. * Used for radar and long-
— 3x SICK lidar range lidar returns
— 2x IBEO lidar * Validate targets using
— 2x ISF lidar Velodyne segmenter
— 5% ARS 300 radar “

/

fz(az,y,v,a,qb,gb) a_s’=(sc,y,sc,y,x,y)

— Velodyne

Simple bicycle model Point model
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Raw Data

W Data (13 Sensors)

15.4 fps




 Raw Data

 Feature Extraction

TARTAN RéCINB
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Vehicle [racking
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Vehicle [racking

e Raw Data
 Feature Extraction

e Measurement
Validation




Raw Data
Feature Extraction

Measurement
Validation

Data Association

TARTANRACING

OlSject known from
previous cycle (vehicle)
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Vehicle [racking

Raw Data

Feature Extraction R 12 i
Measurement Sensor proposes
Validation alternative to prediction

Data Association

Proposals
& Observation
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Raw Data
Feature Extraction

Measurement
Validation

Data Association

Proposals
& Observation

Model Voting
Estimation
Statistics
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Raw Data
Feature Extraction

Measurement
Validation

Data Association

Proposals
& Observation

Model Voting
Estimation
Statistics

Prediction
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Perception Architecture

Mission Planning Behaviors Motion Planning

A A A T

Perception
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Object
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o (Obstacles

— Static obstacle map
(Velodyne, SICK IBEO)

e Curbs

— Wavelet curb detector from
lidar (Velodyne and SICK)

— Geometry curb detector
from lidar (SICK)

* Road lines
— Lidar intensity (SICK)
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* Use intensity data from
AFT mounted SICKs

* |Localize robot with
respect to surrounding
lanes

* Only localize along one
axis at a time
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Motion Planning for The Urban Challenge

Dave Ferguson

Intel Research Pittsburgh
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System Architecture

::> Perception ::> Behavioral Executive

Process flow Mission Planning

-

~ U

Motion Planning E—
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Motion Planning Interface

Behavioral Executive

-~

Drive Down Lane
Drive down lane L
Reach position (x, y)

On-road
Planning

Motion Goal

Motion Planning

Achieve Pose
Reach pose (x, y, 0)

Unstructured
Planning
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Motion Planning Overview

Generate path towards goal
(Generate set of trajectories to track path
Fvaluate set of trajectories

Select and execute best trajectory

~
On-road Planning

Two general contexts <

_ Unstructured Planning



TARTANRACING
@Carnegie Mellon

On-road Planning

e Task: Drive vehicle down desired lane
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Path Generation

* Use center of lane as desired path
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Path Generation

* Use center of lane as desired path
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Trajectory Generation

» (Generate set of trajectories along path
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How we generate each trajec

ory

* Taski Compute controls to transition vehicle

from state x; to desired state Xp

|, Grab initial set of controls parameters

2. Forwards-simulate controls using vehicle model

3. Compare resulting endpoint to desired endpoint

4. Update controls parameters to reduce endpoint error
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[ rajectory Evaluation

* Check against path and static obstacles




[ rajectory Evaluation

* Check against dynamic obstacles
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[ rajectory Evaluation %

* Check against dynamic obstacles
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Selection and Execution @

* Execute best trajectory
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Examples
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Lane Changes




Defensive

Driving

TARTANRACING
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Unstructured Planning

* [ask: Maneuver vehicle into desired pose
without relying on any guiding structure

Challenges:
Large distances
Static & dynamic obstacles
Relatively high speeds
Complex maneuvers

Non-holonomic vehicle
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| attice Planner

* Search over 4D state space: (z, y, 0, v)
e For each state, consider fixed set of actions

15 — |
initial
i
1 heading™ |
05
0 |
05
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Search Algorithm

* Anytime D*
— Inrtial, suboptimal solution generated quickly

— Solution improved while time allows

cost = 133,736
£=3.0 _
13,000 # expands = 1,715

- :

O

@)

% 11,000 ¢ '

% cost = 77,345

3 E=T10

N # expands = 14,132

9.000

7,000 .
0 0.2 0.4 0.6 Time (s)
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Search Algorithm

* Anytime D*

— Solution repaired given new information
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Avoliding Dynamic Obstacles

e Soft and hard constraints
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Tracking Complex Paths

* Set of concatenated trajectories ending on
path
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Optimizations

Multi-resolution Lattice
— Dense, high-resolution around robot & goal
— Coarse, low-resolution elsewhere

Combined Heuristic Function

— Mechanism-constrained free-space heuristic
— Environment-constrained 2D heuristic

Reducing Convolution Efforts
— Optimistic/pessimistic configuration-space maps

Efficient Replanning
— Hierarchical action representation

Preplanning

Concurrent Planning
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In Action

Parking Lot Test

Boss Tan
July 31, 2007
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In Action
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In Action
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In Action
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Organization
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Systems Engineering

DD-2230.1 Vehicle shift actuation shall be capable of moving

Developed 400+ requirements e et e s G et s
- Derlved fro m DA RPA DA-2250.4 Vehicle stops so front bumper 1s within 1 meter of the

center of the stop line at intersection.

documents and internal design

INT-2252.4 Planning shall be capable of achieving a mission goal | Does this reg

— S‘tu Ck Wl‘th I‘t location with less than 50ctm of error. uc,l}e;l; use of
. CU — this 1s
— Tested, Verified or Cancelled ﬁla,-l,_-lﬁ-lg o
. . ne right thing
eve I’y re q direme th Fending %&jven the inpit
. .D.m ?ei'c:‘??§1|311.
Tracked progress in weekly system i s proven o
teStS 22: so I guess
. e DD-2260.4 Vehicle shall be capable of localizing stop line GPS acquisition
TI”aC ked an d ad d reSSGd I”e| |ab| | Ity Pending relative to robot Wig-l <40cm error. B coupﬁle;i;‘,lj %g;;g;g
not finalize
d efe Cts to YO Ot cause DD-2270.4 Vehicle shall be capable of controlling stop position GPS acquisition
Pending with <50cm error. coupled to percep
TraCked SOﬁware/developmeth DD-2630.4 Vehicle shall be capable of handling a case of near =
d efe C'ts u SI N g b u gZ| | | a stmultaneous arrival with other vehicles.
D4-2580.3 Vehicle shall be capable of respecting precedence
- OVGI" 5 3 3 bUgS C|OSed be'tweeﬂ order at intersectiur?s and not pfuceen% gut of turn.

Sept | and Nov 3 Page 6 of 11

Tartan Racing Proprietary Information. Mot for redistribution

l
DD-2590.3 Vehicle shall be capable of identifying if entry points
at an intersection are occupied.
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[esting

Mon 7/30 Tue 731 Tue 7131

* 45+ days of pre-race acceptance
testing

— 6+ hours/ day of active robot
test time

* Ongoing, weekly system tests S

— Regressive and developmental
system tests

— Published report with

2pm

requirements gap analysis
* Daily component & T — —
development testing | —
* > 3200km of testing at 4 different ..
sites across US

11pm
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Results

e || vehicles In race

* 6 completed
 Great day for robotics
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Thanks!
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