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Sampling-based motion planning

* Motion planning = search in high-dimensional space (30+
dimensions).

e Special type of methods which has been shown to be
practical in many real problems as sampling-based
methods.
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Configuration space

* Space of all possible configurations of the robot.

» Configuration space of a rigid body

C € {(z,y,2,0,8,7) | (z,y,2) € R’ (ar, 8,7) € S® } = SE(3)
S ={xeR"" | |x|=1}

SEB) = {g= |
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| R € SO(3),t e R}

where SOB3)_{R e R¥>3 | RTR =1, det(R) = +1}

» Configuration space of multiple independent rigid bodies
C=Ci xCyx...Cp,

» Configuration space of a kinematic chain
6251 XSQ X Sn
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Grid-like methods => random sampling methods

* Consider creating a uniform grid of 2D,

* Vertices corresponds to unoccupied places on the grid

* Edges corresponds to collision-free path between
neighbouring vertices.

* The path can be found by Dijkstra or A*

* Rough discretization => no feasible path

* Dense discretization => too many nodes (10-dim
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guration space, 50 points/per dim => 50'° ~ 10'6)

Ively increase discretization in grid
vely iIncrease discretization by random points

* => random sampling methods
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Rapidly Exploring Random Tree (RRT)
Input: G(V, FE), V = {xini}, £ =10
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Rapidly Exploring Random Tree (RRT)
Input: G(V, FE), V = {xini}, £ =10

1. Xpanq = random( C )
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Rapidly Exploring Random Tree (RRT)
Input: G(V, FE), V = {xini}, £ =10

1. Xrand = random( C )
2. Xnearest = nearest( Xrand, Q(V7 E))
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Rapidly Exploring Random Tree (RRT)
Input: G(V, E), V ={xini}, £ =1
1. Xanq= random( C )

2. Xpearest = nearest( Xrand, G(V, F))
3. Xnew = COntrOl(Xnearest ,Xrand)
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Rapidly Exploring Random Tree (RRT)
Input: G(V, E), V ={xini}, £ =1
1. Xanq= random( C )

2. Xpearest = nearest( Xrand, G(V, F))
3. Xnew = COntrOl(Xnearest ,Xrand)
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Rapidly Exploring Random Tree (RRT)
Input: G(V, E), V ={xini}, £ =1
1. Xanq= random( C )
2. Xpearest = nearest( Xrand, G(V, F))
3. Xnew = control(Xnearest ,Xrand )
4, if (Xnearest # Xnew)
5 V=V U{Xpew |
0. E=FKEU {(Xnearesta Xnew)}
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Rapidly Exploring Random Tree (RRT)
Input: G(V, FE), V = {xini}, £ =10

1. Xrand = random( C )
2. Xnearest = nearest( Xrand, Q(V7 E))

3. Xnew = COntrOl(Xnearest , Xrand )
4, if (Xnearest # Xnew)

5. V=VU {Xnew}L
0. E=FKEU {(Xnearesta Xnew)}
v

. repeat from 1 until HXnew—Xgoa,lﬂ < €

Output: G(V, F)

You can use Dijkstra or A* to find the path in G(V, E)
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Rapidly Exploring Random Tree (RRT)
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Rapidly Exploring Random Tree (RRT) - variants
» Bias to goal (greediness):
e with probability 0.99 sample X;ana € C at random
e With p’Obabi Ity 0.01 Xrand = Xnew
* Bi-directional search
* Search two trees one from and second from goal
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Bi-directional search RRT-connect
InPUt: ga(Va7 Ea)a Va — {Xini}a Ea — @
gb(%va)7 ‘/b — {Xgoal}7 Eb — @
1. Xpanq = random( (C
2. Xnearest = nearest( Xrand, Qa(Va, Ea) )
3. Xnew = COHtrOl(Xnearest ,Xrand)

4, if (Xnearest # Xnew)
Va — Va U {Xnew}
Ea — Ea U {(Xnearesta Xnew)}

/

X}qearest — neareSt(XneW ; gb(%aEb))

/
Xnew = control(X,earest » Xnew )

1f (X;learest # X;ew)

% — Vb U {X;ew}

0

1. By = By U {(X]/aearestv X],aew)}
12.1£ (|1Go(Vb, Bb)| > |Ga(Va, Ea)|)
13

13. swap (Gy(Vo, Eb), Ga(Va, Ea))
ﬁ%éﬁepeat from J uniiducoanestad
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Bi-directional search RRI-connect
I"pUt: ga(Vaa Ea)7 VCL — {Xini}7 Ea — @
gb(%aEb)a % — {Xgoal}a Eb — @

g (VaaE VbaEb

/\ /\\

Xnearest

Xrand
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Bi-directional search RRI-connect
I"pUt: ga(Vaa Ea)7 VCL — {Xini}7 Ea — @
gb(%aEb)a % — {Xgoal}a Eb — @

ga(vaa Ea) gb(V67 Eb)
o —
® ? \
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Bi-directional search RRI-connect
I"pUt: ga(Vaa Ea)7 VCL — {Xini}7 Ea — @
gb(%aEb)a % — {Xgoal}a Eb — @

o
Xrand

Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

»(Vo, E)

Xgoal



Bi-directional search RRIT-connect

I"pUt: ga(Vaa Ea)7 VCL — {Xini}7 Ea — @
gb(%aEb)a % — {Xgoal}a Eb — @
a Va’ Ea iqeares Vi : E
G ) t/, — Gb(Vi, Ep)

— T~_

Xgoal
Xnearest /

o
Xrand
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Bi-directional search RRIT-connect

I"pUt: ga(Vaa Ea)7 VCL — {Xini}7 Ea — @
gb(%aEb)a % — {Xgoal}a Eb — @
a Va’ Ea iqeares Vi : E
G ) carest — Gb(Vi, Ep)

— T~_

Xgoal
Xnearest /

o
Xrand
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Rapidly Exploring Random Tree (RRT) - variants

RRT
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Rapidly Exploring Random Tree (RRT) - properties

e Voronol bias: the search tree

nas bias to grow in large

open regions => rapidly explores the C-space

* Probabilistic completeness:

Return a feasible solution

(if exists) to a planning problem with probability 1.
* Non-optimality: Cost of the best path converges almost
surely (with probability 1) to a non-optimal value [2].

[1] LaValle, Steven M. (October 1998). "Rapidly-exploring random trees: A new tool for path

planning”. 1998

[2] Karaman, Sertac; Frazzoli, Emilio, "Incremental Sampling-based Algorithms for Optimal

Motion Planning", 2010
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Rapidly Exploring Random Tree (RRT) - properties

 Non-optimality: Cost of the best path converges almost
surely (with probability 1) to a non-optimal value [2].
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Rapidly Exploring Random Tree (RRT) - properties

 Non-optimality: Cost of the best path converges almost
surely (with probability 1) to a non-optimal value [2].
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Rapidly Exploring Random Tree (RRT) - properties

 Non-optimality: Cost of the best path converges almost
surely (with probability 1) to a non-optimal value [2].
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RRT™

e BRRT*is RRT with reconnection
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RRT™

e BRRT*is RRT with reconnection
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RRT™

e BRRT*is RRT with reconnection
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RRT™

Nodes Number: 0

RRT RRT*
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This 1s the start configuration of the tree-grow for both RRT a
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RRT* - properties
» Cost of the best path of RRT converges almost surely (with

orobability 1) to a non-optimal value.

» Cost of the best path of RRT* converges almost surely (witt
orobability 1) to the optimal value.

Asymptotical completness
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informed RRT*

000000

[3] Gammell et al, Informed RRT*, ICRA 2014
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Asymptoticaly Optimal RRT (AO-RRT)
» RRT Searches for a feasible path in cost-liftted space

[4] Hauser, Zhou, Asymptotically Optimal Planning by
Feasible Kinodynamic Planning in State-Cost Space,

/%%ansacnons ON ROBQUES, 2016 . brague
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Asymptoticaly Optimal RRT (AO-RRT)
* Feasible path determines upper bound on cost-constraint

C

[4] Hauser, Zhou, Asymptotically Optimal Planning by
Feasible Kinodynamic Planning in State-Cost Space,

@ﬂsa(ﬂl@ns On I%zeoh r?ée%grjl\grsny in Prague
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Asymptoticaly Optimal RRT (AO-RRT)
 And the search is iterated until the optimal path is found.
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[4] Hauser, Zhou, Asymptotically Optimal Planning by
Feasible Kinodynamic Planning in State-Cost Space,
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Asymptoticaly Optimal RRT (AO-RRT)

* If feasible planner is:
(1) probabilistically complete and
(2) has non-zero chance to producing the worst possible
trajectory
then:
(1) the resulting planner is asymptotically complete and
(2) the upper bound converges exponentially to the optimal
COst.

* While reconnections in RRT™ are typically time-consuming,
AO-RRT (or any other lifted feasible planner) is a suitable
alternative.

[4] Hauser, Zhou, Asymptotically Optimal Planning by
Feasible Kinodynamic Planning in State-Cost Space,
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