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A General Learning Approach to Multisensor Based Control
using Statistic Indices
Y. von Collani, M. Ferch, J. Zhang and A. Knoll
University of Bielefeld

e Generalfuzzy descriptionfor
high dim. systemsandsensor
fusion

Principal componentanalysis it cenepace
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Fusionof differentsensodata
canbehandeldoy thecontroller

B-splinemodelmaybeutilised
for sensoffusionanddifferent
problems

On-Line Learning of the Sensors Fuzzy Membership Functions
in Autonomous Mobile Robots
Hani Hagras, Victor Callaghan and Martin Colley
University of Essex
e Thereisanecessityor onlineself-calibration
for thefuzzy Membershig=unctiong MF) for

fastchanginganddynamicenvironmentsand
difficult accessiblernvironments

Our work reportson an approachbasedon
theuseof patentedsenetidechniqueso evolve
thefuzzy MF of theindividual behaiours.

Our systemlearnsthe MF of the individual
behaiours online andthroughinteractionof
therealsensorswith therealworld in avery
shorttime interval of 4 minutesin outdoor
challengingervironments

This systemcanbe appliedto ervironments
which aredifficult to accesssuchasnuclear
reactorsspaceandunderwaterervironments

Teaching by Example in Food Assembly by Robot
T. G. Williams, J. J. Rowland, M. H. Lee and M. J. Neal
University of Wales, Aberystwyth

Flexible assembly make nev
productsvithoutreprogramming

Sensingealproductexamples
tolearncomponenplacement

Initial resultsdemonstratéhe
feasibility of thetechnique

Laterresultsllustratesuccessful
approximatenatchingof variable u 14
shapes
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A Learning and Dynamic Pattern Generating Architecture for
Skillful Robotic Baseball Batting System
X. Z. Zheng!, W. Inamura?, K. Shibata! and K. Ito!
'Tokyo Institute of Technology and 2Ishikawajima-Harima Heavy
Industries

e Alternative approachio robotic
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o Effectiveandrobustbatting

Sweet sf;ot
without giventrajectory

Modular Neural Net System for Inverse Kinematics Learning
E. Oyama! and S. Tachi?
!Mechanical Engineering Laboratory (MEL) and 2The University of
Tokyo

Learningof theDiscontinuoudnverse
KinematicsFunction

AppropriateSwitchingof Multiple
ContinuousNeuralNetworks

Succes InverseKinematicsLearning
of a7-DOFarmModularNeural
NetSystemCanHandletheDiscontinuity
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Responding to Affordances: Learning and Projecting a
Sensorimotor Mapping
Karl F. MacDorman
Osaka University

Tolearnto recognizeopportunities
from experience

Adaptive sensorimotomaps Bayesial
classificatiorof affordancenvariance |
in waveletdomain Projection
of mapsto exploit affordances

Effective in mobilerobot

Plannedextentionto abstracplanning
in ahigh DoF robotwith comple
dynamics




