SHAFIILE A HEHE| =27
Journal of The Korea Society of Computer and Information

J KS I Vol. 24 No. 12, pp. 25-33, December 2019
C https://doi.org/10.9708/jksci.2019.24.12.025

Evolutionary Optimization of Neurocontroller for Physically Simulated

Compliant-Wing Ornithopter

Yoonsik Shim#*

*Research Professor, Institute of Computer, Information and Communication, Korea University, Seoul, Korea

[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.
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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

& 60£9) Z0jl ARE B} AlBelold ARMES 4
AFH|9] gust perturbationo] 0141 W] UjojjA] ZF2F %H
gt ARFECE et Wkt 7|2 7Rt (Fig 4). 7
719] gust session (n)& Alggfold AlAF bx SHE
guste] ARAE (Tsmari(n)<t)& &, 1-bm/s9] gustZ
1-3%37t 7FsHA| |t (t<Tenp(n)). $H819] gust session©]
Sof&= ThA] 1-3%7F9] no-perturbation A]7to] ZojAl
o2 vl sl YajLp} BekgalAl 230 il
Ueje] a2 Sobg AIRME 57 Grk. oleldt Yoz
AA| Aledo]d A7 =9 4 RH|9] gust perturbation
1 §A7 IR WEE interval2 HZotH st |
ot Hhgo] W2 ol sessiont FALSHA] GRS o
UFo2HE 2 552 SHOE o= R R
305 o)} Aot Lt AAatir

ABAALS TF & 50000004 70000%e] AR}
X8YE|Qlon 3.4Ghz T CPUOA Ht 8~104]7t0] &
REQICH JER 02 NelE Wi2Rse B 1-2Hz)
wingbeat frequencyZ 7}X]1. 9-12m/s9] H|j& T2
HoRQI=Y, ol A" 233 3719k FAPT vt
e =42lY B o450 vls ok 2oy iRz
H|9h aE02A, I7iAT|F BARe] wAE Sast
#2ulglo] 7|Z08 B 0 B A|AEI0] datA noly} x|
siisto] BiEsh 221 Aottty = 4 it} O
she 7Pd= o8t =Xt 37]9sh Algd|ol4dolx|gt
7(]2}5] E‘)\E{L. ol:él—g }ﬂi%_ﬂ 0}7(17(40] LJ—7H7<] 7]

=2 HolHAE ZERX|HE | steering 7]=S Hof
FHFig 5A). ¥I¥F AlSAPE 502 gusts FUs

o oAl el 50% oIl Sl ot 4
(~bm/s)oll &= F25HA] AL H|iS RAIZ 4 AUSITHFig
5B). SW0 20| o] FolHg T 2L ulo] o
g SR Aole] YO ANS Sk

7 X-position rigid wing

=ik flexible wing

flight distance
1000

2204
200

400 600 800

Fig. 6. Trajectories of panel-wing vs rigid wing after perturbation

panel 2000 M
i rigid
1500 9
w00l | rigid o0 panel
200 ﬂ T s00 1]
bt U0 Wiy

0 20 40 60 80 10 30 40 50 60

Fitness FI|ght duration (sec)

Fig. 7. Histograms for panel-wing vs. rigid wing

mo 19

=

2 7] itk o] o] FlEfeitto] Alojdl E o2
Soleil & 4 Tk §IE W0} 297
olejof] WIMAE W75l Welo] Tolakg o
glo} JAAAS Atsl Ul2] Aol
nfjelo] ARFRIAL E= oscillatory outputs AAJsHA]
Rk mdAlidel FAiE @7ie] Aol Af2Atol= e}
gol 2= x| Xsle 2dE & 4 Al WEAME
SXI3E A MM E AATE & gustS 7hlle HsHd oF
3733k @7 pitch, roll, A2 &stel 317 of

Hl dE AIE > O‘O*Ur 240 S8t ZiAofM =

%
by
ox ra o P oIy o2

r2
o

odl,

ML

oscillatory

rug r IO
=
oglz'
=
xS
2
X
Jo
re
o
m&
1
rr
r2
Ol
Ol

i

t-to-drag ratioS ®olIthy &=~ Q. 18
9l o2} Astolae] 5 o] sl HlS bl
Al 2l ole g7 221 S0 o=t

=)
Ol

= e

= rEE i
rr _ld

_O'E
-~
2
L

kinematics®} H|3§4 = 50| E2HA7] T
Ut = 425 vl s sl M=o] 2o
rigid wingS AR835to] 222 AletAIR]

SYsloict. Tt Y] A0 e g

Q.
f
>

Hor oo Mo o
J
a

Al g0 ﬂﬂﬂi o A2 njelojg Eo]al o|A
o] gllon, AA] dERor %gt Fo] £ H|PS B
ol2Qlt}. J2fu gust AdE0] FoIFS U e AR
SoPte |AIYo] e EQMgst v g Eelg &
AQItHFig 6). F7t2 & 4% 219 % g} Abo] RS
SR 7] 9ol & 28-S steering 715 glo] UASH 1

S Al E=g RSN A2 7T 571

gojct 10] Mo} BAARES RS Ak doat g
he ¥l o) Ageet vaAzt Bavt o o

F=eteof



32 Journal of The Korea Society of Computer and Information

U= UL 4~ AQKFig 7). ol F FF 2R ZF
AR HRS & 4 Qe AlemiEE AEE 4~ IR
Tl G2 R0 AleufHo] thel/do] RA E/lER
B} QojAlths & Bojae=t], TA] Ll THet 271
£ 7l 252 fast middriEg o gt 97Nl &
A ASE FAgtz Arofujojolgt £6HA] ofal H]ed
& 5 tte A Qujgitt. 712 & A9 gene?] T
dde 45| Yl + 7HAlIE9] Nearest neighbor

distance £7J[24[(Dyy = X;{min(d;;)/N)}, i = j)&
ARTHEH GASH E709] 7iAlw-2 0.422, T2]a TEst
7N A2 0.407=2 G B0 JIAIEEO] O w2

SR Copge Jhae BIa 4 9ok

VI. Discussion

2

A1S AR Fs WS ARSSHA] e
SHA XIgtoiAto g steering”] S} Qo] o)t
3 TS B Eshe G 2% A% A8t

Ly

ro g
1o rr

o

Q'E

> 19 rf

< gy
9] Azl tisll HgAIel 7152 Hojrflon, &%
A AFEate] reality gapg £0]7] 9Jaf E7HHQ1 AT
Q35 AR, TashE Irjmde] SUA SRl
2EPH 27 AlBeold2 & Ao HEA
19Z 4 Ao, A9 AEARI iRAES ¢

sjof FEMS2] 9147] 2 7jE Bart ik 2eki

N
N
ruEl

L%

o] 7} Alggo]ido] Bt Hletiite] B4, Aled
olite] REESt AHARI] Zgo] Wastol, ol U
a]x }\-]1_4 7H/\<]J_} 71-340}- 7%]1\}—/\'] 4 % %5}0:] 7H

MalUplop s, & WiMlzE Be B ALGES Jh
WA Ao} AR S ALST 2% Aol S 9lsl
ur} 2 AA0] RN 881 Bast 9ick. of o]
Alg#ol o] Meto} GgAQl BAREY T2l A
qs0| F7bt Wamolata sich 23 Algo)Mat
Nl Ta SURoR, B od7o] AsjelAl BrbA
ke 2o ol Ruojate FTpEOR HEAQl s
Al 9 2 Qe et oatEint TRl B9l 3 7)ol
Agte ko Al Multi-objective XIS}HANS AR5}
steeringt O/, oYXl 2% 52 AXSIA7|7] st
Sa&ole "Qsht o]2i3t 3L glidingy}t soaring,
intermittent flapping flight & 42 AlF] 2&9F 72
SAQS ® ofe} Jejet SRS 1) Asto] T A
2 Mgk 50] 7 Aoz v|gi"h

o o

24 1
S oS

REFERENCES

[1] D.D. Chin, and D. Lentink, "Flapping Wing Aerodynamics: From
Insects to Vertebrates," Journal of Experimental Biology, Vol. 219,
pp. 999-999, 2016.

[2] C. Chen, and T. Zhang, "A Review of Design and Fabrication
of the Bionic Flapping Wing Micro Air Vehicles," Micromachines,
Vol. 10, No. 144, pp. 1-20, 2019.

[3] J. Gerdes, H.A. Bruck, S.K. Gupta, "A Simulation-based Approach
to Modeling Component Interactions during Design of Flapping
Wing Aerial Vehicles," International Journal of Micro Air
Vehicles, Vol. 11, 2019.

[4] J. Wu, and Z. Popovi\'{c}, "Realistic Modeling of Bird Flight

Animations," ACM Transactions on Graphics, Vol. 22, No. 3,
pp. 888-895, 2003.

[5] Y.S. Shim, and C.H. Kim, "Evolving Physically Simulated Flying
Creatures for Efficient Cruising," Artificial Life, Vol. 12, No. 4,
pp. 561591, 2006.

[6] Y.S. Shim, S.J. Kim, C.H. Kim, "Evolving Flying Creatures with
Path-following Behavior," The 9th International Conference on the
Simulation and Synthesis of Living Systems (ALIFE IX), Boston,
MA, pp. 125-132, 2004.

[71 J. Won, J. Park, K. Kim, J. Lee, "How to Train Your Dragon:
Example-Guided Control of Flapping Flight," ACM Transactions
on Graphics, Vol. 36, No. 4, 2017.

[8] J. Won, J. Park, J. Lee, "Aerobatics Control of Flying Creatures
via Self-Regulated Learning," ACM Transactions on Graphics,
Vol. 37, No. 6, 2018.

[9] F.P. Such, V. Madhavan, E. Conti, J. Lehman, K.O. Stanley, J.
Clune, "Deep Neuroevolution: Genetic Algorithms are a

Competitive Alternative for Training Deep Neural Networks for

Reinforcement Learning," NIPS Deep Reinforcement Learning
Workshop, 2018.

[10] K.O. Stanley, J. Clune, J. Lehman, R. Miikkulainen, "Designing

Neural Networks through Neuroevolution,"
Intelligence, Vol. 1, No. 1, pp. 24-35, 2019.

[11] J.B. Mouret, S. Doncieux, J.A. Meyer, "Incremental Evolution

Nature Machine

of Target-following Neuro-controllers for
Animats," SAB 06, LNCS (LNAI), Vol. 4095, pp. 606-618,
2006.

[12] E. de Margerie, J.B. Mouret, S. Doncieux, J.A. Meyer, "Artificial
evolution of the morphology and kinematics in a flapping-wing

Flapping-wing

mini UAV," Bioinspiration & Biomimetics, Vol. 2, pp. 65-82,
2007.

[13] D.R. Warrick, M.W. Bundle, K.P. Dial, "Bird Maneuvering
Flight: Blurred Bodies, Clear Heads," Integrative and
Comparative Biology, Vol. 41, No. 1, pp. 141148, 2002.

[14] R. Pfeifer, and F. lida, "Morphological Computation: Connecting
Body, Brain and Environment," Japanese Scientific Monthly, Vol.



Evolutionary Optimization of Neurocontroller for Physically Simulated Compliant-Wing Ornithopter

33

58, pp. 4854, 2005.

[15] EH. Burtt Jr., and J.M. Ichida, "Selection for Feather Structure,"
Acta Zoologica Sinica, Vol. 52, pp. 131-135, 2006.

[16] M. Gewecke, and M. Woike, "Breast Feathers as an Air~current
Sense Organ for the Control of Flight Behaviour in a Songbird
(Carduelis Spinus)," Zeitschrift fiir Tierpsychologie, Vol. 47, No.
3, pp. 293-298, 1978.

[17] R. Necker, "Somatosensory System," Physiology and Behavior
of the Pigeon, pp. 169-192. Academic Press, London (1983)

[18] R.E. Brown, and M.R. Fedde, "Airflow Sensors in the Avian
Wing," Journal of Experimental Biology, Vol. 179, No. 1, pp.
13-30, 1993.

[19] A.LR. Thomas, and G.K. Taylor, "Animal Flight Dynamics I.
Stability in Gliding Flight," Journal of Theoretical Biology, Vol.
212, No. 3, pp. 399424, 2001.

[20] T. Weis-Fogh, and M. Jensen, "Biology and Physics of Locust
Flight I: Basic Principles in Insect Flight. A Critical Review,"
Philosophical Transactions of the Royal Society of London B,
Vol. 239, No. 667, pp. 415-458, 1956.

[21] R. Smith, "Intelligent Motion Control with an Artificial
Cerebellum," Doctoral Dissertation, University of Auckland,
New Zealand, 1998, http://ode.org/

[22] R.D. Beer, "On the Dynamics of Small Continuous-Time
Recurrent Neural Networks," Adaptive Behavior, Vol. 3, No.
4, pp. 469509, 1995.

[23] P. Husbands, "Distributed Coevolutionary Genetic Algorithms for
Multi-criteria and Multi-constraint Optimisation," Evolutionary
Computing. LNCS, Vol. 865, pp. 150-165, 1994.

[24] P.J. Clark, and F.C. Evans, "Distance to Nearest Neighbor as
a Measure of Spatial Relationship in Populations,” Ecology, Vol.
35, No. 4, pp. 445-453, 1954.

Authors

Yoonsik Shim received the B.S. in Mechanical
Engineering and M.S. in Computer Science
from Korea University, Korea. He received
the Ph.D. degree in Informatics from
University of Sussex, UK, in 2013. Dr, Shim

is currently a Research Professor in Institute of Computer,
Information and Communication, Korea University. His
research interests are focused on bio-inspired adaptive
robotics, computational neuroscience, chaotic neurodynamics,

self-organisation, and evolutionary robotics.



