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Course Outline

A brief introduction

O What path planning isabout and some basic notes

Collision -free Navigation through PRM,RRTand RRT*

O An intro to some basic methods for collision -free motion planning
Unknown Area Exploration Path Planning

O Methods to explore unknown environments

Unknown Area Exploration Path Planning under Uncertainty
O Methods to explore unknown environments while maintaining localizability
Integrated Task and Motion Planning

O And a bit of introduction on linear temporal logic

Thoughts for a Curiosity -aware Exploration planner

O Thoughts for a next path planning contribution

,l
Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘g}%g%%%”o”s@



‘l
Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘§§§8¥‘s’”°"s@



What Is Path Planning rougly ?

O Determining the robot path based on a set of goals and objectives, a set of robot
constraints and subject to a representation and map of the environment .




Trends in Robotics/Motion Planning

O Classical Robotics (mid -708 s )

O Exact models
O No sensing necessary \) Reactive Paradigm (mid -800 s )

O No models

/ O Relies heavily on good sensing
O Hybrids (since 906 s )

O Model -based at higher levels

O Reactive at lower levels

O Probabilistic Robotics (since mid-908 s )
O Seamless integration of models and sensing

O Inaccurate models, inaccurate sensors

Notes from G. Hager http ://voronoi .sbp.ri.cmu .edu/~motion
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Overview of Concepts

O Planning Tasks

O O O O O O

Navigation
Coverage
Exploration
Target follow
Localization

Mapping

O Properties of the Robot

A~

O Degrees of Freedom

A

O Non/Holonomic

O Kinematic vs Dynamic

O Properties of the
Environment

A

O Static / Dynamic

O Deterministic /
Uncertain

O Known / Unknown

O Algorithmic Properties
O Optimality

O Computational Cost

O

Completeness

O Resolution completeness

O Probabilistic
completeness

O

Online vs Offline

O

Sensor-based or not

O

Feedback -based or not
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Indicative Examples

1 2 3 4
5 6 7 8
9 10 11 12
13 14 15
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Example of a world (and a robot)
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Fundamental Problem of Path Planning

O Problem Statement :

O Compute a continuous sequence of collision -free robot configurations connecting
the initial and goal configurations

O  Geometry of the environment
O  Geometry and kinematics of the robot

O Initial and goal configurations O  Collision-free path

Path Planner
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Fundamental Problem of Path Planning

O Problem Statement :
O Compute a continuous sequence of collision-free robot configurations connecting
the initial andgoal configurations .
O Motion Planning Statement for collision -free navigation

O If ® denotes the r o b owotkspace, and @0 denotes the i-th obstacle, then the
r ob o freg sspace, w , is defined as: w w w0 and a path wis
arip] © @ , where QT isthe starting configuration 0 and wp isthe goal

configuration n
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Continuous-Time Trajectory Optimization
for Online UAV Replanning

Helen Oleynikova, Michael Burri, Zachary Taylor, Juan Nieto,
Roland Siegwart and Enric Galceran




Coverage Path Planning Problem

O Problem Statement :

o O O

~

O

Consider a 3D structure to be inspected and a system with its dynamics and
constraints and an integrated sensor, the limitations of which have to be
respected . The 3D structure to be inspected isrepresented with a geometric form
and the goal isto calculate a path that provides the set of camera viewpoints
that ensure full coverage subject to the constraints of the robot and the
environment .

Geometry of the environment
Geometry and kinematics of the robot

Structure to be inspected O  Fullcoverage path

Path Planner
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Three-dimensional Coverage Path Planning via Viewpoint Resam-

pling and Tour Optimization using Aerial Robots
A. Bircher, K. Alexis, M. Kamel, M. Burri, P. Oettershagen, S. Omari, T. Mantel, R. Siegwart




Exploration of Unknown Environments

O Problem Statement :

O Consider a 3D bounded space & unknown to the robot. The goal of the
autonomous exploration planner is to determine which parts of the initially
unmapped space are free W or occupied w and essentially derive the 3D

geometric model of the world .

O  Bounds but no specific knowledge of
the environment
O  Geometry and kinematics of the robot .
. O  Next Exploration Path
O

Online 3D mapping Path Plan ner
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Task and Motion Planning

O Problem Statement :
O Execute a complex, multi-objective mission that contains an ordered set of tasks

and implies the derivation of the plan per task.

Map of the environment

0
O  Geometry and kinematics of the robot
O  Ordered set of task goals O  Execution path

Path Planner

‘l
Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘§§§8¥2“°”5@



Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer .’lﬁg}g\ggggmm@



BadgerWorks Lectures

Collision -free Motion Planning

Kostas Alexis




O

O O

O

The motion planning problem

Consider a dynamical control system defined by an ODE of the form:

— a6 @
Where iswthe state, 0 isthe control .

Given an obstacle set @ ,and a goal set @ ,the objective of the motion

planning problem isto find, if it exists,a control signal 6 such that the solution
of (1) satisfies w(®)® & for all O8N Y , and w(O N w  for all 0 “Y for some
finite Y 1T Return failure if no such control signal exists.

Basic problem in robotics

Provably hard : a basic version of it (the Generalized Piano Mo v e iprobdem)
iIsknown to be PSPACEhard .
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Motion planning in practice

O Many methods have been proposed to solve such problems in practical
applications

O Algebraic planners : Explicit representation of obstacles . Use complicated algebra
(visibility computations/projections)  to find the path . Complete, but impractical

O Discretization + graph search : Analytic/grid -based methods do not scale well to
high dimensions . Graph search methods (A* D* etc.) can be sensitive to graph
size. Resolution complete .

O Potential fields/navigation functions : Virtual attractive forces towards the goal,
repulsive forces away from the obstacles . No completeness guarantees ; unless
Onavi gattunohiare awil@ble dvery hard to compute in general .

O These algorithms achieve tractability by foregoing completeness altogether,
or achieving weaker forms of it, e.g. resolution completeness
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Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘g}%g%%%msﬁ



Sampling -based algorithms

O A proposed class of motion planning algorithms that has been very

O

successful in practice isbased on (batch or incremental) sampling methods :
solutions are computed based on samples drawn from some distribution .
Sampling algorithms retain some form of completeness, e.g., probabilistic or
resolution completeness

Incremental sampling methods are particularly attractive

O Incremental sampling algorithms lend themselves easily to real-time, on-line
implementation

O

Applicable to very generic dynamical systems.

O

Do not require the explicit enumeration of constraints .

O

Adaptively multi-resolution methods (i.e. make your own grid as you go along, up
to the necessary resolution) .
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O

Probabilistic RoadMaps (PRM)

Introduced by Kavraki and Latombe in 1994.
Mainly geared towards 0 muqg e rnyton planning problems .

Idea : build (offine) a graph (i.e., the roadmap) representing the
O C 0 n n e c tofitheiehviomment 0 use thisroadmap to find paths quickly at
run-time .

Learning/pre -processing phase :

O Sample ¢ points from & D

O Tryto connect these points using a fast o | o @ & la n n(e.g. ignore obstacles) .
O If connection successful (i.e. no collisions), add an edge between the points.
At run-time :

O Connect the start and end goal to the closest nodes in the roadmap .

O Find a path on the roadmap .

First planner ever to demonstrate the ability to solve generic planning
problems in > 4-5 dimensions! . @
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Probabilistic RoadMap example
J —

O 0 Pr a c taigarithth 6

A~

O Incremental construction .

A

O Connects points within a radius r, starting from 0 c | o0 soeest 0

O Do not attempt to connect points that are already on the same connected
component of the RPM.

O What kind of properties does this algorithm have? Willit find a solution if there
Is one? Will that be an optimal solution? What is the complexity of the

algorithm?
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Probabilistic Completeness

~

O Definition 0 Probabilistic Completeness

O An algorithm ALG is probabilistically complete if, for any robustly feasible
motion planning problem defined by 0 (& Hho hd  )hthen:

14

io EQO @ 0 10Q0 0ditéia 0 0)Qépe

~

O Aor el amrototh @f completeness

O Applicable to motion planning problems with a robust solution. A robust solution
remains a valid solution even when the obstacles are 6 d i | ahlyerdadl smallf .

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘EREOTs

robust NOT robust p @



Asymptotic Optimality

~

O Definition d Asymptotic Optimality :

O An algorithm ALG is asymptotically optimal if, for any motion planning
problem defined by 0 (& ho hd ) and function ®that admit a robust

optimal solution with finite cost @,

(Les a) s
O The function @®associates to each path , a non-negative ®, , e.g. of,)
L wiQi

O The definition is applicable to optimal motion planning problems with a robust
optimal solution. A robust optimal solution issuch that it can be obtained as a limit

of robust (non -optimal) solutions.

NOT robust robust
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Complexity

How can we measure complexity for an algorithm that does not necessarily
terminate?

Treat the number of samples as the 0 s iof the i n p Bverything else stays
the same).

Also, we analyze complexity per sample : how much effort (time/memory) s
needed to process one sample .

Useful for comparison of sampling -based algorithms .

Cannot compare with deterministic, complete algorithms .

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer
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Simple PRM (sPRM)

OGN {0} Y@ i & QYOI QrpN
foreach ON wdo:
YN QD (whoh | {v};
foreach 6N “Ydo:
ifO & & & Qi "OfE then O 'O° {(VM)}h 6h)
return 'O (whO)N

O The simplified version of the PRM algorithm has been shown to be
probabilistically complete .

O Moreover, the probability of success goes to 1 exponentially fast, if the
environment satisfieso g o ovdi s i lwonditiorisy 0

O New key concept :combinatorial complexity vsovi si.bi |l i tyo
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Operation Concept of PRM

O Learning Phase:

O

Initially empty graph

O

A configuration israndomly chosen

O

If this configuration liesin the free space d add
O Repeat until N vertices are added
O Foreach new configuration select k-closest neighbors

O Local planner adds vertex qto g 8 IFplanner issuccessful then edge isadded

O Finding the path :

O

Given starting vertrex ginit and end vertex ggoal

O

Find k-nearest neighbors of g, and gy, in roadmap, plan local path

O

Roadmap graph may have disconnected components

O

Need to find connections from ¢, Qg 10 S@Me component

O

Once on roadmap, use Dijkstra

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer
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Remarks on PRM

O sPRMisprobabilistically complete and asymptotically optimal .

~

O PRMisprobabilistically complete but NOT asymptotically optimal .

~

O Complexity for N samples: 0 0

O Practical complexity -reduction tricks:

O k-nearest neighbors : connect to the k nearest neighbors . Complexity 0 (0 & € QU
(Finding nearest neighbors takes & ¢ "@me .)

O Bounded degree : connect at most ‘Qnearest neighbors among those within radius
1.

O Variable radius: change the connection radius i as a function of 0. How?

,l
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Rapidly -exploring Random Trees

Introduced by LaValle and Kuffner in 1998.
Appropriate for single-query planning problems .

Idea : build (online) a tree, exploring the region of the state space that can
be reached from the initial condition .

At each step: sample one point from @ , and try to connect it to the
closest vertex in the tree.

O Very effective in practice but presents oVoronoi bi as 0
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Rapidly -exploring Random Trees

RRT

wN {w }MON m
fori=1, édoN

@ N YOARa@oi QO

o N QO 6O )N

o NCUYO@@i b )N

ifO @i 00X Ol MQ then:

wN w {® }PN O {(w o )IN

return 'O (whO)N

O The RRTalgorithm isprobabilistically complete .

O The probability of success goes to 1 exponentially fast, if the environment
satisfies certain 0 g o ovdi s i lcondlitiorisy 0
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Rapidly -exploring Random Trees (RRTSs)

X free
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Rapidly -exploring Random Trees (RRTSs)

X free
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Rapidly -exploring Random Trees (RRTSs)

X free

‘l
Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘é%%%?‘s)“"”sﬁ

LAB



Rapidly -exploring Random Trees (RRTSs)

X free

«
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Rapidly -exploring Random Trees (RRTSs)

X free

«
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Rapidly -exploring Random Trees (RRTSs)

X free

'/—a
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Rapidly -exploring Random Trees (RRTSs)

X free
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Rapidly -exploring Random Trees (RRTSs)

X free

/«.\/

‘l
Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘QSES%’MOUS@

LAB




Rapidly -exploring Random Trees (RRTSs)
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Rapidly -exploring Random Trees (RRTSs)

X free
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Rapidly -exploring Random Trees (RRTSs)
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Rapidly -exploring Random Trees (RRTSs)
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Rapidly -exploring Random Trees (RRTSs)

X free
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Rapidly -exploring Random Trees (RRTSs)

X free
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Voronol bias

Definition - Voronoi diagram :

Given ¢ sites in' Qdimensions, the Voronoi diagram of the sites is a partition of A
Into regions, one region per site, such that all points in the interior of each region
lie closer to that regions site than to any other site.

O Vertices of the RRTthat are more 0 i s o | #etgeid onexplored areas, or at
the boundary of the explored area) have the larger Voronoi regions o and
are more likely to be selected for extension . > °

o o
Image by MIT OpenCourseWare.
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RRTs In action

ETHzurich =R

Autonomous
Systems Lab

¥

ContinL,nous—T'ime Trajectory Optimization
for Online UAV Replanning

Helen Oleynikova, Michael Burri, Zachary Taylor, Juan Nieto,
Roland Siegwart and Enric Galceran

~

O Great results for collision -avoidance of aerial robots .

O Integral component of several, higher -level algorithms (e.g. exploration
and inspection) .
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Limitations of such incremental sampling methods

O No characterization of the quality (e.g.0 ¢ o sdf the trajectories returned by
the algorithm .

Keep running the RRTeven after the first solution has been obtained, for as long
as possible (given the real-time constraints), hoping to find a better path than
the one already available .

O No systematic method for imposing temporal/logical constraints , such as,
e.g. the rules of the road, complicated mission objectives, ethical/ deontic
code .
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RRTs donot have t he best b e

O Let& be the cost of the best path inthe RRTat the end of iteration &

~

O Itiseasy to show that @ converges (to a random variable), i.e.:
| Ed W

O Therandom variable & issampled from a distribution with zero mass at the
optimum :

Theorem 6 Almost sure suboptimality of RRTs

If a set of sampled optimal paths has measure zero, the sampling distribution is
absolutely continuous with positive density in® and Q ¢, then the best path

in the RRTconverges to a sub-optimal solution almost surely, i.e.:
0 {& s3] p
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Some remarks on that negative result

O

Intuition : RRTdoes not satisfy a necessary condition for asymptotic optimality,
l.e., that the root node has infinitely many subtrees that extend at least a
distance | away from w

O The RRTalgorithm 0 t r aiisedf by disallowing new better paths to emerge .

Heuristics such as

O

A

O Running the RRTmultiple times
O Running multiple times concurrently
O Deleting and rebuilding parts of the tree etc .

Work better than the standard RRT)ut cannot remove the sub-optimal behavior .

O How can we do better?
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Rapidly -exploring Random Graphs (RRGSs)

wN {® PN m
fori=1, édoN
) N Yooan a@oi QQ
) N ) Qi (M o )N
w N YO dRIi o )N
ifO i 0 O®OIQ Ol FMQ then:

o G o = ’ =5 % & A ( ) 7 -
o N UQu(lO (@of H Ef ( ) m)n
wN w {o PN O {(w o R ho )N
foreach N do:
if6 & aa Qi @ &¢hdI Qilen ON O {(w ho )Hhew ho )N
return 'O  (whO)N

At each iteration, the RRG tries to connect to the new sample all vertices in a ball
radius | centered at it. (Or simply default to the nearest one if such a ball isempty) .

In general, the RRG builds graphs with cycles .
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Properties of RRGs

Theorem 0 Probabilistic completeness

Since w w ,for all &, it follows that RRG has the same completeness properties of
RRT,.e.

Ofd . & m 00Q

Theorem 0 Asymptotic optimality

If the 0 Q cprrocedure returns all nodes in wwithin a ball of volume
wéa —hH ¢ p j
Under some additional technical assumptions (e.g., on the sampling distribution, on the |

clearance of the optimal path, and on the continuity of the cost function), the best path
in the RRG converges to an optimal solution almost surely, i.e.:

0 @] p
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Computational complexity

O At each iteration, the RRG algorithm executes O( T&¢E extra calls to
O wi 0 wwwkeiDicdiPared to the RRT

O However, the complexity of the 0 Q@i @bcédure ismi | CRAchieved if
using, e.g., a Balanced -Box Decomposition (BBD) Tree.

Theorem o Asymptotic (Relative) Complexity

There existsa constant T N 9 such that

El o@[

00"y

00"y
]T

O In other words, the RRG algorithm has not much more computational
overhead over RRTand ensures asymptotic optimality .
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RRT*: A tree version of the RRG

RRTalgorithm can account for nonholonomic dynamics and modeling errors.

RRGrequires connecting the nodes exactly, i.e., the "YO ‘Qdnicedure has to be exact .
Exact steering methods are not available for general dynamic systems.

A RRT*is a variant of RRG that essentially
or ewi the stiee as better paths are
discovered .

A After rewiring the <cost has to be
propagated along the leaves.

A If steering errors occur, subtrees can be re-
computed .

A The RRT*algorithm inherits the asymptotic
optimality and rapid exploration properties
of the RRGand RRT
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computed .

A The RRT*algorithm inherits the asymptotic
optimality and rapid exploration properties
of the RRGand RRT

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer .ﬁg}%\g%éﬁm“@



RRT*: A tree version of the RRG

RRTalgorithm can account for nonholonomic dynamics and modeling errors.

RRGrequires connecting the nodes exactly, i.e., the "YO ‘Qdnicedure has to be exact .
Exact steering methods are not available for general dynamic systems.

A RRT*is a variant of RRG that essentially
or ewi the stiee as better paths are
discovered .

A After rewiring the <cost has to be
propagated along the leaves.

A If steering errors occur, subtrees can be re-
computed .

A The RRT*algorithm inherits the asymptotic
optimality and rapid exploration properties
of the RRGand RRT

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer .ﬁg}%\g%éﬁm“@



RRT*: A tree version of the RRG

RRTalgorithm can account for nonholonomic dynamics and modeling errors.

RRGrequires connecting the nodes exactly, i.e., the "YO ‘Qdnicedure has to be exact .
Exact steering methods are not available for general dynamic systems.

A RRT*is a variant of RRG that essentially
or ewi the stiee as better paths are
discovered .

A After rewiring the <cost has to be
propagated along the leaves.

A If steering errors occur, subtrees can be re-
computed .

A The RRT*algorithm inherits the asymptotic
optimality and rapid exploration properties
of the RRGand RRT

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘ﬁgg‘ié%‘s’m“ @



Rapidly -exploring Random Tree -star (RRT?)

wN {w }MON m
fori=1, édoN
® N YOERaaol Q0
) N §)Qodil (@ 6O )N
G NOYo R P )N
ifO @i 0GR Ol Q then:
3 stm(ro @Ok HEf (= ))Iﬁ->n
wN ® {w N
O Na NG NsE(w ) &0 R )
foreach N do:
ifOo &€ aa Qi @ &M QRO € (ad (:(U "QEQ  ho )) 0 ¢ (0 ) then:
O N Do Qo)
ON Of(e  ho )} {& Mo N
return 'O (whO)N
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RRT* in Action

o Aerial Robotic Contact-based Inspection Planning

ETHzurich [0
- mi and Physical Interaction Control

Autonomous
Systems Lab Kostas Alexis, Georgios Darivianakis, Michael Burri and Roland Siegwart

%,

Continuous- Time _Trajectory Optimization
for Online UAV Replanning

Helen Oleynikova, Michael Burri, Zachary Taylor, Juan Nieto,
Roland Siegwart and Enric Galceran
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BadgerWorks Lectures

Primer Series - Exploration Path Planning

Kostas Alexis




ARL 2016 Planning Ensemble for Mapping

O Classification : O Robot evaluation
O Prior environmental knowledge? O Multi-rotor UAV systems
O Active perception and belief -space planning? O Fixed-wing UAV systems
O Possible human co -working? — O é not limited

O Applicable to 0 a n yobot configuration?

Exploration Path Planning

Coverage Path Planning

Optimal Coverage Efficient Coverage Uniform Coverage
(RRTOT) (UC3D)

Autonomous Exploration
(NBVP)

Uncertainty-aware
Exploration & Mapping

Augmented Readlity Inspection

Augmented Reality-
~enhanced Inspection

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer "I».’LQSE%SMOUS@

LAB



Assumed Robot Configuration

How to further couple their desing?

l l

Arobot for whicha Localization and Mapping
Y ; - n Boundary Value Solver is Pipeline
FORLERIROINN mostuie for AControl Law can enable i .
the tasks of: T rmc e e S available

e . " ‘the robust and accurate Visual-Inertial

- Inspection and reference tracking Otherwise, reformulate the Visual-LiDAR-Inertial
- Autonomous Exploration algorithms to control- Possibly GPS-tdenied

space
Remote Control Interface Mission Results

Perception and
State Estimation Module

Path Planning Guidance and L Nobethoni Hothn.
Module Control = &7

v
v

v

)’l
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Example Specific Robot Configuration

Path Planning Position Control Attitude Control Aerial Robot

VI Odometry

Il

B W
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Proposed Planning Ensemble

O Classification : O Robot evaluation
O NO Prior environmental knowledge O Multi-rotor UAV systems
O Active perception and belief -space planning? O Fixed-wing UAV systems

Focus of this O Possible human co -working?

presentation

O Applicable to 0 a n yobot configuration?

Exploration Path Planning

Coverage Path Planning

Optimal Coverage Efficient Coverage Uniform Coverage
(RRTOT) (UC3D)

Autonomous Exploration
(NBVP)

Uncertainty-aware
Exploration & Mapping

} I
I, ‘,_/‘A
r iy

Augmented Redlity Inspection

Augmented Reality-
‘enhanced Inspection
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The Exploration path planning problem

Problem Definition : Volumetric Exploration

The exploration path planning problem consists in exploring a previously unknown
bounded 3D space wOsa . Thisisto determine which parts of the initially unmapped
space w ware free @ Owor occupied @ O . The operation is subject to
vehicle kinematic and dynamic constraints, localization uncertainty and limitations
of the employed sensor system with which the space isexplored .

As for most sensors the perception stops at surfaces, hollow spaces or narrow
pockets can sometimes not be explored with a given setup. Thisresidual space is

<

denoted as w . The problem isconsidered to be fully solved when w W
Due to the nature of the problem, a suitable path has to be computed online
and in real-time, as free space to navigate isnot known prior to its exploration .
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Receding Horizon Next -Best-View Exploration

O Goal: Fast and complete exploration of
unknown environments .

O Define sequences of viewpoints based
on vertices sampled using random trees.

O Select the path with the best sequence
of best views.

O Execute only the first step of this best
exploration path .

O Update the map after each iteration .

O Repeat the whole process in a receding
horizon fashion.

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘§§§8¥QMOUS@



Exploration Planning ( nbvplanner )

S

%
h\(_

&
j

Gain(ny) = Gain(ng_1) + Visible(M, £k)e_>‘c("]’§—1)

’l
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Exploration Planning ( nbvplanner )

O Environment representation : Occupancy Map > Path planner |— Robot
Map dividing space winto a ¥ U cubical
volumes (voxels) that can be marked T
Localization

either as free, occupied or unmapped

O Use of the octomap representation to Sensor
enable computationally efficient access
and search .

The Receding Horizon Next-Best-View

O Paths are planned only within the free B eI ilo ah =l E T gl BN E= =i e s (=0 (== [0 1=
SsC TR W IN a[o e[S IR (S oy IS (OB (ipdate of the 3D map of the environment .
point navigation isinherently supported .

O At each viewpoint/configuration of the
environment , , the amount of space
that isvisible iscomputed as w Qi "“Wdha ‘Q

’l
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Exploration Planning ( nbvplanner )

O Tree-based exploration : At  every
iteration, the nbvplanner spans a
random tree of finite depth . Each vertex
of the tree is annotated regarding the
collected Information Gain 6 a metric of
how much new space is going to be
explored .

Gain(ny) = Gain(ny_,) + Visible(M, &,)e (k1)

O Within the sampled tree, evaluation
regarding the path that overall leads to
the highest information gain IS
conducted . Thiscorresponds to the best
path for the given iteration. It is a
sequence of next-best-views as sampled
based on the vertices of the spanned
random tree.

,l
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Exploration Planning ( nbvplanner )

O Receding Horizon: For the extracted best
path of viewpoints, only the first
viewpoint isactually executed .

O

The system moves to the first viewpoint of
the path of best viewpoints .

O

The map issubsequently updated .

O Subsequently, the whole process is
repeated within the next iteration . This

gives rise to a receding horizon F(@%
operation . X
VoY

’l
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Exploration Planning ( nbvplanner ) Algorithm

nbvplanner Iterative Step

0 N Number of nodes in 4

O , Necurrent vehicle configuration

O Initialize i with , and, unless first planner call, also previous best branch
O Q N« /I  Set best gain to zero

O & Ng () /I  Set best node to root

&

&

while 0 0 or "Q mtdo
O Incrementally build 4| by adding ¢ ( )
O 0 NDO p
O if "OOh®e ) "Q then
O ¢ N &
O NoG®E )
O if 6 0 then
O Terminate exploration
O AN ro arti | gy {ml Om- «
O Delete 4

O return A ‘
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Exploration Planning ( nbvplanner

) Remarks

O Inherently Collision -free: As all paths of

nbvplanner are selected along
branches within RRTbased spanned
trees, all paths are inherently collision -
free.

O Computational Cost: nbvplanner has a
thin  structure  and most of the
computational cost is related with
collision -checking functionalities . The

formula that expresses the complexity of
the algorithm takes the form:

O(Nrlog(Nr) + Nr/r’log(V/r®) + Nr(dhae /r)* log(V/r%))
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nbvplanner

O Simulation -based
Explore a bridge .

O Comparison  with
based exploration

Evaluation (Simulation)

Receding Horizon Next-Best-View Planner

evaluation

Frontier-

4 o o oeewmed | L TN == Occupied
15H% ".. = = = Free 15} - = = = Freg i
o5 = Unmapped o Unmapped | +
E ‘ i3 [
g 1 g 1 :
= =
= 3
1 e
05/ 0.5 )7
! -~
A O 4
0 Ol i
0 10 20 30 40 0 500 1000 1500
ttot [min] ttot [min] i
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Extension to Surface Inspection

Problem Definition : Surface Inspection

Given a surface "Yfind a collision free path R starting at an initial configuration

: N f that leads to the inspection of the part 3 , when being executed,
such that there does not exist any collision free configuration from which any
piece of Y'Y could be inspected . Thus,"Y YY .

Let @ P i be the set of all configurations from which the surface piece i P
“Ycan be inspected . Then the residual surface isgiven asY ° i T
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nbvplanner Evaluation (Simulation)

O Extension to surface inspection : The robot identifies trajectories that locally ensure
maximum information gain regarding surface coverage

4000
& 3000 = = = [nspected
g : = Uninspected

— & 2000\ - e ]

E 8 : : | |

3 .
U'.)1000—'1--
0 . . Y —5

0 20 40 60 80 100
tmt [min]
y [m]

x[m]
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nbvplanner Evaluation (Experiment)

ttot=132.2s ttot=184.6s

ttot=253.4sﬁ.

’l
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Proposed Planning Ensemble

O Classification : O Robot evaluation
O NO Prior environmental knowledge O Multi-rotor UAV systems
A O Fixed-wing UAV systems

O Active perception and belief -space planning

A~

O Possible human co -working?

O Applicable to 0 a n yobot configuration?

Exploration Path Planning

Coverage Path Planning

Optimal Coverage Efficient Coverage Uniform Coverage
(UC3D)

Autonomous Exploration
(NBVP)

Uncertainty-aware
Exploration & Mapping

Augmented Readlity Inspection

Augmented Reality-
~enhanced Inspection
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Uncertainty -aware Exploration & Mapping

Problem Definition

The overall problem isthat of exploring an unknown bounded 3D volume & Os |,
while aiming to minimize the localization and mapping uncertainty as evaluated
through a metric over the robot pose and landmarks probabilistic belief .

Problem 1: Volumetric Exploration

Given a bounded volume w , find a collision free path , starting at an initial
configuration N hthat leads to identifying the free and occupied parts w

and w when being executed, such that there does not exist any collision free
configuration from which any piece of w w ,w could be perceived .
Problem 2: Belief Uncertainty -aware planning

Given a w O w , find a collision free path , starting at an initial configuration

, VM hand ending in a configuration N f) that aims to improve the r ob ot O ¢
localization and mapping confidence by following paths of optimized
expected robot pose and tracked landmarks covariance
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Recall Robot Configuration

Path Planning Position Control Attitude Control Aerial Robot

VI Odometry

‘i Tt

B W

Kostas Alexis, Autonomous Robots Lab, Sampling -based Path Planning Primer ‘rtgg\g%gms@



Uncertainty -aware Exploration & Mapping

Broader topic: Planning under

uncertainty
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