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The world Is not static!

But it's full of routines
(nearly periodic processes)

T——

LINCOLN



/

=0

UNIVERSITY OF

LINCOLN

/
=

=/
L:CAS



A ROBOT PATROLLING
(ONE WEEK)
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T AND HOW 1O MOEES.
ROU T IINESE

» Why: » How:

» better localisation » (binary) states
s;(1)={0,1}
s()=[5,(1),55(1),.....s ()]

» detect deviations » derive spectral model using FT

» better planning

» predict the future S(w)=F1{(s(1))

» keep the most prominent S
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T AND ROW O MOBES
ROUT‘NES? now extended to

real-valued states

and non-uniform
» Why: » How: sampling

» better localisation » (btrary) states
s()=[s,(1),5,(1), ..., ()]

» detect deviations » derive spectral model using FT

» predict the future S(w)=F1(s(1))

» keep the most prominent S

» better planning

Indeed, our current
model also takes

recency INto
account &
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e OUENCY Miee
FOFIANCEMEINS

Time domain Frequency domain

I | I
Measured state — 9%3

L
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| l | | ! | !
[ [ Discarded coefficients ©
Probability function — p Model coefficients ©
Estimated state — s7(

Outlier set —

O

-2 =15 -1 =05 0 05 1 15 2
Frequency [Hz]

abs(P): { 196, 46, 23}
arg(P): { 0, 1.57,1.57}
Frequencies: {0,0.2,0.6 }

1T Outlier set O:  { 3.7,3.8 }

0 2 4 6 8 10 Parameters of the learned model
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scene{ Monitor, Kevboard, Laptop, Cup, Bottle
nr-front-ofl Kevboard, Monitor )/
left-of | Laptop, Kevboard )/
right-of{ Cup, Kevboard )/
behind-ofl Botle, Cup )/
close-to| Bovtle . ( 'N,"
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FOUAL TOPOLOGK =
L CALDATIO

-
' o | — —
\ .

! - 'v'-'

Sce madels de"’scrlpjes'

= "each Iocatlon by a set of visual featur‘i

[“Long-Term Topological Localisation for Service Robots in Dynamic Environments using Spectral Maps" that will be presented
at |[EEE/RS] International Conference on Intelligent Robots and Systems 2014]
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& FEVY RESUIL I

TABLE 1
OVERALL LOCALIZATION ERROR (%)
| week prediction 3 months prediction
Image Occupancy
Model Model features grids
type order Nov  Feb Nov  Feb
static - 35% 45% 21% 17%
spectral 1 25%  26% 14%  13%
spectral 2 22%  27% 14% 8%
spectral 3 18%  24% 14% 17%
spectral 4 17%  29% 7%  17%
f [Krajnic et al “Long-Term Topological Localisation for Service Robots in Dynamic Environments using Spectral Map;”, |EEE/RS) g?{

International Conference on Intelligent Robots and Systems 2014] A
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e DIC T 200 GRID M.

» better accuracy and robustness
in localisation

IROS 201 6:
Persistent Localization and Life-

Long Mapping in Changing
Environments Using the Frequency
Map Enhancement

LINCOLN

Average localization error

Maximal localization error
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HOFOL OGICAL EDGE TRAVERSABIET S

FIODELLING USING FREM

V3 -> V4 Traversability

V4 Traversa

->

V3

weeks
V3 -> V4 Traversability

1 | 1 1 1 1 | 1 | | 1 |
0 05 1.0 15 20 25 3.0 35 40 45 50 55 6.0 65 7.0

hours

days

J. Pulido Fentanes, B. Lacerda, T. Krajnik, N. Hawes, and M. Hanheide.
Now or later? predicting and maximising success of navigation actions

$Bi-

oM long-term experience. In ICRA, 2015.
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FRONGO LIVE: NAV S TAES

P LiveSlides web content

Download the add-in.

Start the presentation.




FRONGO OFFLINE

B R PP S S SRS SR .

e et e e sl St 31

s rad e

Frongo - Query

navs_erf ~

->| ‘ 22.03.2017 18:00

|

22.03.2017 09:00

<

Select Order

<>

2

Frongo Predictions

E==11 Probability [ Entropy




HRI 201 7: The When, Where, and How:

An Adaptive Robotic Info-Terminal for Care Home Residents —A long-term Study

ADAPTIVE INFO-TERMINAL
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 data recordeaq:

 where is the robot when!

» did people use the robot where it was!
(success!)
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SPATIO-TEMPORAL
MODELLING

Adﬂirﬂiﬁﬂtion Wing N

SR
Probability of interaction at d1 erenl%ations
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Lifts 3 . :
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Enhancement
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FIOO5ING [ HE INE S
LOCATION

» predicted utility of a location I: ui(t) = eh(pi(t)) + (1 — €) pi(¥)

use utility to sample next location to go, greedily, new place every |0
minutes

* Here we set €=0.5 (exploration-exploitation ratio)

start with py(t) = 0.5 at the beginning

* more on explortation-exploration and planning horizons in
Kulich, M., Krajnik, T., Preucil, L, and Duckett, T. To explore or to exploit! Learning humans’ behaviour to
maximize interactions with them. In Proceedings of the Workshop on Modelling and Simulation for
Autonomous Systems (MESAS)

Frequency Map

Enhancement
FreMEN"
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Info-Terminal Success Rate
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Info-Terminal success rate per day
o
N

0.2 x Success Rate
X Linear Fit
Confidence bounds
0.1L | 1 . 1 . | | J
70 80 90 100 110 120 130 140 150

Day of Year 2016

» Linear regression on average success rates per day.

» rejection of HO (constant numbe||”8of interactions) with p=0.0006/4. \&/
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Start the presentation.
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Embrace the
Change: Prospects
and Challenges of

L ong-term Autonomy
and Interaction

Robots do fail.
(interactive) Recovery

behaviours are needed

LINCOLN

Learning routines can help
building more effective and
efficient systems, spectral
models are very powerful to
improve long-term
navigation.
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