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Real World Robots
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Autonomous Robots

o : that sense, plan, and
act in real and/or virtual worlds

e Algorithms and systems for representing,
capturing, planning, controlling, and
rendering

e Applications:

e Manufacturing

e Mobile robots

e Computational biology

e Computer-assisted surgery
o

Digital actors
KAIST



Goal of Motion Planning

e Compute , €.0.:
Geometric paths

Time-parameterized trajectories

Seqguence of sensor-based motion commands
Aesthetic constraints

e Achieve , €.0.:

Go to A without colliding with obstacles
Assemble product P

Build map of environment E

Find object O

KAIST



Basic Motion Planning Problem

e Compute a collision-free path for an object
(the robot) among obstacles subject to
CONSTRAINTS

e Geometry of robot and obstacles
e Kinematics of robot (degrees of freedom)

e Initial and goal robot configurations
(placements)

e Continuous sequence of collision-free robot
configurations connecting the initial and goal
configurations KAIST



Examples with Rigid Object

- Ladder problem




Cable Har'ness/ Plpe design

Paths P1v1- Path P1V¥5 0K




Humanoid Robot

[Kuffner and Inoue, 2000] (U. Tokyo)




0 DARPA Grand Challenge

Planning for a collision-free 132 mile path
in a desert

The UNIVERSITY of NORTH CAROLINA at CHAPEL HILL
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Google Self-Driving Vehicles




Car is the next IT platform
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Overview of This Tutorial

¢ 4:30pm: Optimal path planning and its
applications
o A9, Mo KAIST
e 5:10pm: Data-driven planning for multi-
contact poses of human avatars
e O0|AS], CT, KAIST
e 5:40pm: High performance geometric
Computation for robot motion planning
o HIE, ARESSL, OITH
e 6:10pm: Path Planning and Execution for
Real Worlds
o o8& (01338]), &382=F, KAIST
KAIST



Motion Planning Techniques

e Classical techniques
e Roadmap, cell decomposition, potential fields

e Silhouette

e First complete general method that applies to
spaces of any dimension and is singly
exponential in # of dimensions [Canny, 87]

e Slow

KAIST



Motion Planning Techniques

e Classical techniques
e Silhouette

e Sampling techniques w/ probabilistic
completeness

e Intuition: If there is a solution path, the
algorithm will find it with a high probability

e Probabilistic roadmaps
e RRT techniques

KAIST



Rapidly-exploring Random Trees
(RRT) i’ LaValle 9

e Present an efficient randomized path
olanning algorithm for single-query
oroblems

e Converges quickly
e Probabilistically complete
e Works well in high-dimensional C-space
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e A growing tree from an initial state

Rapidly-Exploring Random Tree

KAIST



RRT Construction Algorithm

e Extend a new vertex in each i1teration

17 KAIST



Overview — Planning with RRT

e Extend RRT until a nearest vertex is close
enough to the goal state

e Biased toward unexplored space
e Can handle nonholonomic constraints and high
degrees of freedom

e Probabilistically complete, but does not
converge

e
.

18




Voronoi Region

e An RRT Is biased by large Voronol regions

to rapidly explore, before uniformly
covering the space

J«..-}.A

19
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RRT Construction Algorithm

BUILD_RRT(qinit)

T .init(qinit):

2 for k=1to K do

3 Grand — RANDOM_CONFIG():
4 EXTEND(7 . ¢rand):

5 Return 7

f—t

EXTEND(7.q)
1 near — NEAREST_NEIGHBOR(q. T):

2 if NEW_CONFIG(q. Gnear- Gnew ) then
3 7 .add_vertex(qnew );

4 7 .add_edge(gnear, Gnew ):

5 if ¢pe0 = q then

6 Return Reached;

7 else

3 Return Advanced:

9  Return Trapped:

KAIST



RRT*

e RRT does not converge to the optimal
solution

e e PRI
sh A ; : Bl
Mg b7 & 'l
op' < e i o,
D T B R L e
(a) RRT in iteration 1,000 (b) RRT in iteration 3,000 (¢) RRT in iteration 10,000

RRT*

KAIST
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RRT*

- Asymptotically optimal without a substantial
computational overhead

Theorem [Karaman & Frazzoli, IJRR 2011]
(i) The RRT™ algorithm is asymptotically optimal

P({ lim YRR = c'}) =1

n—oo

(i) RRT* algorithm has no substantial computational overhead when compared to the RRT:
MTE{RT*

RRT
M7

lim E{

n—roco

} — constant

- Y _RRT*: cost of the best path in the RRT*

- c : cost of an optimal solution

- M_RRT : # of steps executed by RRT at iteration n
- M _RRT": # of steps executed by RRT* at iteration n

KAIST
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Key Operation of RRT*

o RRT
e Just connect a new node to its nearest
neighbor node
e RRT*: refine the connection with re-
wiring operatlon
e Given a ball, identify neighbor nodes to the
new node
e Refine the connection to have a lower cost

KAIST



Example: Re-Wiring Operation

o
A 5-

[
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From ball tree paper



Example: Re-Wiring Operation

/-
(j/

Generate a new sample

From ball tree paper



Example: Re-Wiring Operation

|ldentify nodes in a ball

From ball tree paper



Example: Re-Wiring Operation

|dentify which parent
gives the lowest cost

From ball tree paper



Example: Re-Wiring Operation

N
R0 2

From ball tree paper



Example: Re-Wiring Operation

|dentify which child
gives the lowest cost

From ball tree paper



Example: Re-Wiring Operation

Video showing benefits
with real robot

From ball tree paper



Two Recent Works of Our Group

e Handling narrow passages

e Improving low convergence to the optimal
solution

KAIST



Two Recent Works of Our Group

e Narrow passages

e ldentify narrow passage with a simple one-
dimensional line test, and selectively explore
such regions

e Selective retraction-based RRT planner for
various environments, Lee et al., T-RO 14

e http://sglab.kaist.ac.kr/SRRRT/T-RO.html

e Low convergence to the optimal solution

KAIST



Retration-based RRT
[Zhang & Manocha 08}

e Retraction-based RRT technique handling narrow passages

Free Space 4,0
Free Space g

C-Obstacle

Contact
Space

C-Obstacle

image from [Zhang & Manocha 08]

e General characteristic:
Generates more samples near the boundary of obstacles

33 KAIST
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Free Space

C-Obstacle

RRRT: Pros and Cons

with narrow passages

Time (s) RRT

KAIST



RRRT: Pros and Cons

Free Space

ages without narrow passages
images from [Zhang & Manocha 08]

Time (s) RRRT

KAIST



I13‘ﬂdge line-test [Lee et al., T-RO

e To identify narrow passage regions

e Bridge line-test
1. Generate a random line
2. Check whether the line meets any obstacle

36 KAIST




Results

Time (s)
RRRT
100
80 RRT
SR-RRT

60

40
RRRT

20 - SR-RRT

0 L]

S-tunnel 0.85 S-tunnel 1.3

Video

7 KAIST.
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Two Recent Works of Our Group

e Handling narrow passages

e Improving low convergence to the optimal
solution

e Use the sampling cloud to indicate regions that lead to
the optimal path

e Cloud RRT* : Sampling Cloud based RRT*, Kim et al.,
ICRA 14

e http://sglab.kaist.ac.kr/CloudRRT/

KAIST



Examples of Sampling Cloud
[Kim et al., ICRA 14]

Initial state of sampling cloud After updated several times

Video
KAIST




Results: 4 squares
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Conclusions

e Explained the basic motion planning
problem and its goal

e Covered basic sampling based planners
e RRT

e Discussed an optimal RRT: RRT*

e Briefly talked about two recent works

e Handling narrow passages and low
convergence

http://sglab.kaist.ac.kr
41 KAIST
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