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« Targetinfo: sensory information of target

« OrientLR: use x-position of the target in all
three cameras to control the rotation of the
platform to face object

« ArmOrientLR: same as OrientLR, but
using only arm retina for close-up control

» OrientFB: use disparity to control
forward/backward motion

* GraspPos: moves arm from resting to
grasping position

« StayAway: move backwards

» Grip: close the gripper

« Has grabbed: memory of closed gripper

—->TaskGrab: find object and grab it
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ArmOrientLR
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« Left/right Target Info: sensory information
of left/right neighbor or target object

* MoveSidewards: use the mean value of
the lateral positions of the left resp. right
neighbor in the left resp. right base camera
as an estimation of the center between the
neighbor objects and move there

« Grip: keep the gripper closed

* Reached position: memory integrating
evidence once goal position is reached

—-HoldAndMoveSide: hold the object while
approaching the goal position for putting down
the target object
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« Active: memory integrating evidence when
this behaviour is initally activated

« PutDownPosition: move the arm to a PutDown
position suitable for releasing an object

« BackOff: move slightly backwards

* Finished: memory integrating evidence of
the PutDown task being completed

—->PutDown: move the arm from holding
position to put-down position, openthe gripper
and move the base slightly backwards to
ensure smooth and safe placement of the
target object
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« Active: memory integrating evidence when
this behaviour is initally activated

* Retreat: move slightly backwards

* Finished: memory integrating evidence of
the PutDown task being completed

—>Finish: back off from the manipulated
objects and stop after some time

Implicitly by deactivating all other behaviors
the arm moves to back resting position
automatically, which indicates that the whole
sequence of tasks is completed
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Angular speed Coupling strength Variability

d6; (1)
dt

N
= wi(t) + ki(t) Y Aijsin(0;(t) — 0;(t)) + Fisin(0*(t) — 0;(t))

J=1

where:

f; - the amount of green time of traffic light ¢

w; - the frequency of traffic light ¢ oscillator

k; - the flow of cars passing through the direction controlled by traffic light 2
oscillator

A;j - the static spatial adjacency coupling between oscillator 7 and oscillator j
F; - the coupling of external perturbations (e.g. maximum cycle time per phase
imposed by law)

f* - the external perturbation (e.g. the upper limit of green time)
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Oscillator dynamics Regularizing control law
do; (t) N
= = wit) + k(1) ) Ajijsin(8;(t) — 0;(t)) + Fysin(0% () — 0;(t)) + wi(t)
71=1
with
/ ¢ Sliding Mode Contm @ Initial conditions
(7% (t) = £] / §1' (’T )d’?‘ ||| Energy surplus (uncertainty, disruption)
0 )
Si(t) .
_ = a3 ($5(0) = 8:() + si(0))
i,J
Si{f) §i {t) . . d‘?gi {t)
@t = €3 Z(sj(t) — ) — sign(s;(t)) dtz/ -
J Sliding surface
0 < €] < €9 < €3 < 1 (robust dynamics)
where:

s;(t) - the surplus energy of traffic light i oscillator
§;(t) - the estimated surplus energy of traffic light ¢ oscillator
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