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Autonomous Robot Challenges

How to explore
and inspect
structures and

environments?
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Motivation

Autonomous  Exploration and Inspection
of even unknown or partially known
environments .

Autonomous  complete  coverage 3D -
structural path planning Current methods

Enable real-time dense reconstruction of
infrastructure o

Consistent mapping and re-mapping of
infrastructure to derive models and
detect change

Long -endurance mission by exploiting the
ground robot battery capacity

Aerial robots that autonomously inspect
our infrastructure or fields, detect
changes and risks
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Real-life Is 3D, Complex, Possibly unknown

Unknown Model & execute
Autonomous Exploration

Known Model to Compute Global
Inspection Path
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Real-life Is 3D, Complex, Possibly unknown

O p”

Unknown Model & execute
Autonomous Exploration

Known Model to Compute Global
Inspection Path
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What Is exploration?

O How robots map an unknown area in |
order to determine the conditions and
characteristics of the environment

(typically : to map it).
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Exploration is different than Coverage

O Coverage problems assume that the §
map is known and the objective isto §
optimally cover and/or possibly identify
targets of interest in it.

Current methods

O Exploration problems deal with how to e e
map a previously unknown world! T
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Applications of Autonomous Exploration

Infrastructure monitoring and
maintenance

Rapid support of search and rescue
operations

Surveillance and reconnaissance

Operation in any environment not
suitable for human operators
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Receding Horizon Next -Best-View Exploration

O Rapid 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 Repeat the whole process in a receding
horizon fashion.
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The Exploration path planning problem

Problem Definition

The exploration path planning problem consists in exploring a bounded 3D
space wO s . Thisisto determine which parts of the initially unmapped space
W w are free w O w or occupied @ O w. 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 sensorsthe perception stops at surfaces, hollow spaces or narrow
pockets can sometimes not be explored with a given setup. Thisresidual
space isdenoted as w . The problem isconsidered to be fully solved when

Due to the nature of the problem, a suitable path has to be computed
online and in real-time, as free space to navigate is not known prior to its
exploration .

!
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Exploration Planning ( nbvplanner )
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Exploration Planning ( nbvplanner )

Environment representation : Occupancy
Map dividing space winto a ¥ U cubical
volumes (voxels) that can be marked
either as free, occupied or unmapped

Array of voxels is saved Iin an octree
structure to enable computationally
efficient access and search.

Paths are planned only within the free
space and collision -free point -to -

point navigation isinherently supported .

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

Kostas Alexis, Autonomous Robots Lab

Map —> Path planner |— Robot
T Localization
Sensor
The Receding Horizon Next-Best-View

Exploration Planner relies on the real-time
update of the 3D map of the environment .
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Exploration Planning ( nbvplanner )

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

Gain(ny) = Gain(ng_1) + Visible(M, &, )e (k-1

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.
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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 Subsequently, the whole process is
repeated within the next iteration . This
gives rise to a receding horizon
operation .
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nbvplanner Algorithm

NBVP lIterative Step

0 N Number of nodes in 4|

O , N current vehicle configuration

O Initialize 4| with , and, unless firstplanner call, also previous best branch
O "Q N I/l Set best gain to zero

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

&

&

while 0 0 or "Q mdo
O Incrementally build Tby adding ¢ (, )
O 0 NDO p
O if'0d®E ) "Q then
O & Ng
O Q N0O®: )
O ifo 0 then

O Terminate exploration

O AN poe vy <|myvaf+e]{ml om- «
O Delete 4

O return A ,
5
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nbvplanner Remarks

O Inherently Collision -free: As all paths of
NBVP are selected along Dbranches
within RRTfbased spanned trees, all paths
are inherently collision -free .

O Computational Cost: NBVP 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(Nx log(Nz) + Ne/r® log(V/r®) 4 Na(d/ryllog(V/r®)) &2 L

12
Kostas Alexis, Autonomous Robots Lab , University of Nevada, Reno ‘§§§8¥SM°”S @



nbvplanner

Evaluation (Simulation)

Receding Horizon Next-Best-View Planner
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Nbvplanner Evaluation (Experiment)

ttot=132.2s ttot=184.6s

ttot=253.4s§.
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Multi-Agent nbvplanner Simulation
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Uncertainty -aware Exploration & Mapping

Problem Definition

The overall problem isthat of exploring a 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

§
i
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Uncertainty -aware Exploration & Mapping

Receding Horizon
Exploration and

Mapping Planner
(RHEM)
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RHEM- Exploration Planning
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RHEM- Exploration Planning

O Exploration Gain
ExplorationGain(nkE) — ExplorationGain(nkE_l) +
VisibleVolume(M, &) exp(—Ae(0,_q 1)) +
ReobservationGain(M, P, &) eXp(—)\c(af_l’k )

O Aiming to maximize newly explored space and reobserve space with decreased confidence
of being mapped as occupied .
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RHEM- Uncertainty -aware planning
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RHEM- Uncertainty -aware planning

O The robot performs visual-inertial localization .

~

O To get an estimate about its pose, it relies on tracking features from its camera
systems. The system performs odometry in an EKFfashion and the overall state of the
filter is

pose, L,
P e
x=|Tq vbsb,cz|py, - pypo - pJ
N ~ -~ —~
robot states, [ features states, [ ¢
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RHEM- Uncertainty -aware planning

O Belief Propagation : in order to identify the paths that
minimize the robot uncertainty, a mechanism to
propagate the robot belief about its pose and the
tracked features has to be established .

State Propagation Step - Equations (3)

=W r+ v+ wr

R
v=—& v+f+q'(g)
q

= —q(w)
bp =Wy
b, = Wha
C =W,
Z =W
fy =N )iy = [ O] NT ) 2%
= Vi
7 J —1 0 7 tlr-(pj) Hs)
pi = —h; ov/d (p;) +wp.;
f‘ = f - b‘f — Wf
w=w—b,—w,
vy = z(v + w*c)
wy = z(w)
Filter Update Step - Equations (4) |

yi =bj(m(i,;)) +n;

. dm |
H; = A,f(‘JT(M_,))E(M_;)
By stacking the above terms for all visible features, standard EKF
update step is directly performed to derive the new estimate of the
robot belief for its state and the tracked features.

Notation |

* — skew symmetric matrix of a vector, f — proper acceleration
measurement, w — rotational rate measurement, f — biased
corrected acceleration, & — bias corrected rotational rate, N7 () —
projection of a 3D vector onto the 2D tangent space around the
bearing vector, g — gravity vector, w, — white Gaussian noise
processes, m(pt) — pixel coordinates of a feature, b (mw(f;)) — a
2D linear constraint for the j* feature which is predicted to be
visible in the current frame with bearing vector ,&j
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RHEM- Uncertainty -aware planning

State Propagation Step - Equations (3)

r=—w-r+v+w,
b =-w*v+f+q (g
q=—qw)
bf :be
bwzwbu
C =W,
Z = W-
. T A 0 1 T ’?:’V _
o, = NGy = | G NT ) 2w

pj = —M}T@v/d'(m) + wp,j

%—bf—Wf
w — b, — W,

€

vy = z(v + w”™c)
z(w)

wy
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RHEM- Uncertainty -aware planning

Filter Update Step - Equations (4)

yi = bj(m(p;)) + nj
R dm
H; = Aj(ﬂ-(“’j))@(nu'j)
By stacking the above terms for all visible features, standard EKF
update step is directly performed to derive the new estimate of the

robot belief for its state and the tracked features.

O Identify which viewpoints are [ j_ |
expected to be visible given Y| = Rgf KI—lL v —I—Tg/
the next pose and the known | " Pj 1
map J

O Compute the propagated L N |
belief covariance matrix Et,l — (I_ Kt Ht) Et,l
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RHEM- Uncertainty -aware planning

O Uncertainty optimization : do be able to derive which path minimizes the robot
uncertainty about its pose and the tracked Ilandmarks, a metric of how small the

covariance ellipsoid ishas to be defined .

» »

: &

é
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RHEM- Uncertainty -aware planning

O Uncertainty optimization : do be able to derive which path minimizes the robot
uncertainty about its pose and the tracked Ilandmarks, a metric of how small the
covariance ellipsoid ishas to be defined .

Doyt (0") = exp(log([det(Zy, s (o)) 7))

BeliefGain(aé\é/[) = Dopt(o-c])\a/[)
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RHEM Algorithm

0 N Number of nodes in 4

O , N current vehicle configuration

O Initialize 4 with |

O "Q N« /[ Set best exploration gain to zero

O ¢ N¢g () /| Set best best exploration node to root
5

&

While 0 0 or "Q mtdo
O Incrementally build 4 by adding & ()
O 0 NO p
O if%@bl 1¢0@WXBEI) "Q then
O & Ng
O N %Zbl 1¢0QCKEET)
O Ifo O  then

O Terminate planning
O, B A Npeawrtra|mvafra]{mlom <
O Y NDOERYYQO
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RHEM Algorithm

o O O O O O

Second Planning Step

Propagate robot belief along ,

®N p /[ number of admissible paths

QN OQaQQQ0Om Qe

Q N "Q /I straight path belief gain
N

While 0 0 ora(Y) 1Y do
O Incrementally build 4 by adding ¢ ()
O Propagate robot belief from current to planned vertex
O If, N Y then

Add new vertex £ at, and connect

oN o p

NOwodi OO0 &1 O ®'Q

QN G6Qa QRO QL

o O O O O

IfQ "Q then
o , N,

O Q NQ

Return n Kostas Alexis, Autonomous Robots Lab

, University of Nevada, Reno
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RHEM Complexity

RRT construction Collision checking

O(N7P log(N2)), S — E,M | O(NZ/r’log(V*/r?)), S — E, M
15 planning level gain computation

O (N (B35 /r)  log (V'™ /17))
2"4 planning level gain computation

O(Np” (dyi /r)  log(VE /ro)ly + na (127 +13) + nar(Ip + Lg))
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RHEM Evaluation (Experimental)

Path Planning

Position Control
/

q

r

Attitude Control

200Hz S

§ |20Hz
| Intel i7
X|M
VI Odometry
20Hz X
2xCamera/IMU gy,

’| Pixhawk

ion

High-Level Processing

Kostas Alexis, Autonomous Robots Lab
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Uncertainty-aware Receding Horizon
Exploration and Mapping using Aerial Robots

Christos Papachnstos Shehryar Khattak, Kostas Alexis
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RHEM Evaluation (Experimental)

Initialization

Exploration Step i &

| Belief Propaga’rion_;,, BN

[5]
l"‘ “"‘F‘-'"‘ = — =] ——!=-1

)
e Landmark | current pose

> - c—
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RHEM Evaluation (Experimental)

=

 Offline HD-camera reconstruction Online reconstruction from robot |

£

AUTONOMOUS
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Real-life Is 3D, Complex, Possibly unknown

— o \k\\ \

Unknown Model & execute
Autonomous Exploration

Known Model to Compute Global
Inspection Path
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The inspection path planning problem

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

— @R

O Where iswthe state, 6 isthe control . As well as a sensor model of field of view
"O0 w ['Oh0] and maximum range Q

O Given an obstacle set @ , and a inspection manifold Y, the objective of
the motion planning problem isto find, if it exists, a path »that provides the
viewpoints to the sensor such that the whole surface of Y is perceived, the
vehicle dynamics are respected and the cost of the path (distance, time,
etc ) isminimized .

'TONOM
S
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Rapidly -exploring Random Tree -Of-Trees (RRTOT

A - : 3D reconstruction I ‘ i
O Problem: given a representation of using 123D Catch - ,

the structure find the optimal
coverage path .

O Challenges : can we find the
optimal path? Can we converge
asymptotically to that solution?

O Goal : Provide an algorithm that can
incrementally  derive the optimal
solution and be able to provide
admissible paths o anyt i me o
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RRTOT

Overcome the
limitations of
motion planners
designed for
navigation
problems.

. Functional Principle

Kostas Alexis, Autonomous Robots Lab

Vary the solution

topology 0 be

able to find the
optimal solution. X

Overcome the

limitations of SIP

but in a

computationally
very expensive

way.
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