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[Abstract]

This paper presents a novel evolutionary framework for optimizing a bio-inspired fully dynamic neurocontroller
for the maneuverable flapping flight of a simulated bird-sized ornithopter robot which takes advantage of the
morphological computation and mechansensory feedback to improve flight stability. In order to cope with the
difficulty of generating robust flapping flight and its maneuver, the wing of robot is modelled as a series of
sub-plates joined by passive torsional springs, which implements the simplified version of feathers attached to the
forearm skeleton. The neural controller is designed to have a bilaterally symmetric structure which consists of two
fully connected neural network modules receiving mirrored sensory inputs from a series of flight navigation sensors
as well as feather mechanosensors to let them participate in pattern generation. The synergy of wing compliance
and its sensory reflexes gives a possibility that the robot can feel and exploit acrodynamic forces on its wings to
potentially contribute to the agility and stability during flight. The evolved robot exhibited target-following flight
maneuver using asymmetric wing movements as well as its tail, showing robustness to external aerodynamic

disturbances.

» Key words: Flapping flight, Evolutionary robotics, Neural network, Simulation, Compliance

fo
42

f
it
Shal
rlo
{im
<
9_\“
)
o
[ o
;
é
i

& 5 ods A A7 x
AN ?ﬂEaﬁE *3"40}L SHAQ HstALt S A G AbE FstEE A2
7191 WA oA $18Fe] Morphological Computation 7132 -5

ggett), ey or Eebdst dAA 715 A A

“

lo,
il
ik
~
=
e
P
2,
=
o2t
fetl
>
it
K
o
2ol

2
o

e
=

g
oo
.
2
of
et
0,

¥l Mechanosensory JHE 2 SF
5o Dl sdazgor Bo| A dAAdHE Ayl ddER EdEuo], Al 7
Sd Felo] Gl A AEeA FnE AANIY AAY HESY A AEe
TEE 7K s Ao sk g4 ThsAd -
FolAu], o] & gt MMFEZA FHAA e}
A
A

tlo oo pf Ho
oX i o r

Ho
:‘?1:1’
fil
e
=2

of
N
o=

o mlo
n
rlo

>
B N MF & B o x i i fo fb

n}
it

o oox a2

A= 2 M= stols ez A7

ol

o
!
=)
i)

>
oX,
=

¥0 il N

o) A9} A de] Folhow olg i
5 oFRy e EAG] FEE S o X AAgoR 43

_‘1
[e)
oo aael et @7, o5 71984 gl sl
Z

e My

> olo

el 2

kR
s 2

e

_,d
£
k1

> A0 7L Y, dsrREEA, HBY, AlEH0|H, =848

T ’

« First Author: Yoonsik Shim, Corresponding Author: Yoonsik Shim
*Yoonsik Shim (kdhong@south.ac.kr), Institute of Computer, Information and Communication, Korea University
* Received: 2019. 12. 02, Revised: 2019. 12. 26, Accepted: 2019. 12. 26.

Copyright © 2019 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



26  Journal of The Korea Society of Computer and Information

I. Introduction
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Fig. 1. Ornithopter robot and aerodynamics model
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III. Neural Circuit
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V. Experiment and Result
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