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Adaptive Control System Designs for Aircraft Wing Rock
Yoonghyun Shin*

ABSTRACT

At high angles of attack,

aircraft dynamics can display an oscillatory lateral

behavior that manifests itself as a limit cycle known as wing rock. In this paper, a
classical and neural network based adaptive control design methods of adaptively
stabilizing the oscillatory motion by adapting uncertainties are described in detail. All
methods are simulated and compared using a model for an 80° swept delta wing.
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726 &3 B T Al
718k &4 4174 3] 2% (Radial Basis Function A7 7 AT o=
Neural Networks, RBF NN)¢| Z&7% ZAl & 6= Cra, =sin(a.) (. a, LC, )
“J(universal approximating property)S A}-8-3} 0 b 2T 20, ™
o ERagE mugased o Ao = sine) 3= Gy 0= 5],
AAM e A A 7MY g B o0 >
R Apgae A e S <7 293 o E 429 SYEWES $ohd v
M 2 2AHEANA A HaH F AN 98 ke Aolth2] 9 Aol
geut ole gg71e 524745 A A a, = 8733 (steady state)S] whg-Zho|t.
o Yo g 2AES HEOoZ AqAE A 1714 sin(a ) o] wrozto] w3k A Aol
A Aol Fo HAdelnt. o9k < RBF SERE L}E}lﬁi = W, 7 A% a @
NN2 A28 BgsiAd & glley A= A= 7 Aol Apagol 3ol ok
= [e] o
Stro] atlr = 1;‘?{9&7 10 Aemyge - Me p— aew o, — o)z Aelshu,
How ¥hge AFse s BAh o & A e des po & = e
FAAE 271 2UE B WeW 3 5 e B el = A
At -i1 ) (4)
B =FdAe ¥4 =3 Singh[5]9] 2H4E 2, = glz) +dyu
S WA AAste 9 RBF NN 7]8F 234
oo modifications F7te HASAHAE A71A
AAstaL, wiZiRisE vdP Ao R mdyg)st g(2) = by+ bz, + by, + by |z, (5)
= vY2dF 273 Z"(Single Hidden S N A
Layer Neural Network, SHL NN) 7]%F Z-& 293
Ao71E A AASAH. o2 Fa £F
[5lol vEbd AR 7Rk Aojr]e] B pU2 Sb o _
3 5ol B =R A dAVHo=w b = T i=0,1,...,5 (6)
o 1% 2= o= x Folst 2= <)t} &
3 e e ABAGIC Aus ANE Aol ek £REAE AN A
G g . = 715 Ed(reference model)< A8 A]EH vl
nge® sk A A o] 7](linear controller)E wwgA o olde ol FANCH
BASEE FASAT 2 Aol dg 23 eremi— =R
2 =7 =1 °DLJ4' BHEFZTAANR FE @, =Ax, )
st 2 AFRES Hla HESAH.
A7z, = (2, mZ) (>0, w,>0
1. Wing Rock Dynamics 0 1
A’":[—w?] —QCwW] (8)
HAShn e S eesel A T4 g()°) T 7179 (assumptions) & ©2)
FEA B 52 k=S Hol o o] ¢ el Wing Rock ©%o] g3t thee] = 71x)
7He] Wing Rock & Th&3 o] W& H g0l BAZ AZFHT].
Arow Ay = ArH1,2].
TAAGA EA 1. 2 @A =iESs
( pU: Sb Otd 1 b,i=01,...5% dye & F o 4,9 %
2, | @ GignE %3 ckm sgech oln tho
4714 ¢ = ZHroll angle)olT dye 7+ 7} =S AAS fr=stet
£ 5 2T AT 2FTUY S 2F A lim[z,,(t) =z (t)] >0, t—o0
#Hi=(control effectiveness)°] . ARIN=F 79 HAZA EA 20 4 (4)°l
FHRAE ATE Hee 9HE A MA8EE g)E A8 2w, d, 94
ARHL2) G & fE Aot 1 Hawe g Ao
C = ay+ a ¢+ apt aslplot alplorap® () 3 7bgETh oy ten 2EE NI EY
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im|z,, (t) —z(t)]| >0, t—>oco

b1

S o
= T

—_

. 2™~ S of(Classical Adaptive

Control)
A& 52 Q@ A} (trajectory tracking error)E Tk
s} 2ol Bt
e Xy T
e:[lz[ml 1 (9)
=) T~ Ty

a8y 4 @9 7)ERE, 23 WA A (error
dynamics)-2 o} ¢} 2t}

e=A,e+B,[du+A(z)] (10)
4714 B, =10 1]7,

Alz) = by+ (b +?)a, +(by+20w, )z, (11)
Fbafafay +bylrolr, + bsﬁ?
ABAYNDE uE 4 (D $ALY 73
I 2 FHUF HES A
u=—(0,(t) +0,(t)x; +0,(t)zy +0; () |2y|z, (12)
+0,(t)|ro|ry +0527)

a3 wpAE e 0= [0, 0,,... 05] 7] A
TS AWjel= 2 -&H 2 (adaptation law) o}
g e} o] Heogint

é=*sgn(dU)FeTPBmh(x)
AN >0, P= ode  elob
(Lyapunov) WA 2] fdg A
fi#, positive definite solution)®]t}.

\./

(13
EARE 4
Poc i

ATP+PA, =—Q Q>0 (14)

m

e h(z):{1@177527‘x1|z27‘1’2|952=95ﬂT ot}
o] Aloizle] AAA THLE FuEd [5] Y
Bt 2tk 2 (10)o.ZRE 29 Ao AL
M o] FAd BxE uE o7 Az)/d
£ A7 (cancel) 3= 3t Ao|th

IV. RBF A ZA3 =zt 7|8t X 22X of
(RBF NN-Based Adaptive Control)

RBE NN 7]t #galolold waw g
gla)= AAAANA HdHo g WA FhF o]

. RBF NN9J 29 1,,(z)7} 83 Qe o
S9 BAGAAA 4 () B A
H3l==2 ste & AES NN 7HEX
(weights)7} SRt 73T F, ¢, >0
7} FoAW g RER S wsh No| &
Ageks Aol

Ax)=vy(z)+e(z) (15)

71 BE ac 0] ko

N
I/ad’(.%') =wy, +};wi_’k%(m), i=1,..m (16)
le(x)] < ¢,

o] A2 7|9kt (basis function)=
ofefj o} o] Aot}

=z —¢,ll
), k=1,...N (17)

&7]A |l - = Euclidean norm< YERJIL ¢, 9}
o= A4 kAR Ad(kernel unit)®] FA4
(center) @} ZF(width)S Yeldth o] 7| A=
7F$-A1QF 71984+ (Gaussian basis functions)E
%83 RBF NN°J 593 7ot}

RBF NN9| &8 y,= th9 A wat A
b

Uy = = W () (18)
o 714
Wy - W,
W= (19)

Wy Wam

a8y U(z) = (LY (2),..0(z))"ERNT o]
o} Figle 2] (18)o] 93l FARA= Aol ¢
2 WA A]7]E RBF NN Uz ¢l

olg]gk RBF NN& X&3% :L/\}lf_/\oﬂ
(universal approximating property)S T3t
9H9,10].

of AT EHe] AgyAe olels Lol A
v,

W=— sgn(dU)FeTPBmJ/(x) *K,leV (20)

ke
fr

W=—sgn(d,) le"PB,W(x) —klel W (21)
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Fig. 1. Radial Based Function (RBF) neural
network

AN I, wp>0, P A (1499 dolx

U(z) = 715 E(weight vector)o]th. 2 (20)

of B AHIHAY A WA FHe &9 o
-modification®. 2 &+ & ALt e
ghE, 4 219 T WA FEl= emodification

g HAgsn Yok FRED [PIAE ol

3  modification®] &R &SUTh e/o-
Modification®] 1= A¢S X3 o8 e
o] HgHA g dAgg e FuEA

(56,1719 A=) ATt

V. SHL 43 =22 78 H3H o
(SHL NN-Based Adaptive Control)

SHL NN& &3 sAtel 2935 wdd
A3e dYARTE FoA™ o3 vy
H] 4% 34 (smooth nonlinear function)z}=
dole] AEE UelA FAk(approximate)d
A= Aol 224 ZAEALS ZE=HH11].
Fig2= SHL NN9| duhzg]l #x25 HoFal
U

o] AAIEY Y= B
o] 28T 4 AUTH12].

A e 2

Ty
Vot = b+ D3040, 22)
Jj=1
AN k=1,..,ny ©lT 2L
n,
o= a(blevﬁ Zvl i (23)
A71A np, ny nae 22 98 =E(nodes) &
A, 2T =2 A, ada 29 xAke]
o} 434 (scalar function) o A|IRE=

Fig. 2. Single Hidden Layer (SHL)
perceptron neural network
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&

34 (sigmoidal  activation  function) Z 4]
o] Z+E SAS UEy o] dAelA A
Fel= ot 2

% o
(&5

- 1
1+e %

o(z) (24)

o1 714
potential)
& 72

g 24 2 9] (activation

7 o] W)

- a
= ~|7T‘jd

2z ¢ J=d
= ‘/l: %]\q
A Wl

matrix)S A &g}

F 7} ¥ (weighting

0,1 vy
V= U%J . Ul..nQ (25)
Un:,l.,l N
O,1 - wa,”s
= | W Y (26)
w w

ny,l

183 A|ZLE9)

Aelsu oot

= 9 E(sigmoid vector) cE
2t
b, o(z) O'(ZQ)

o(z) = olz,) ]T (27)

4714 b, el
AoA 6, =
(threshold)

gl 0,2 FoE
= stal o

943 WEE e o] Fodn

H

o}2 ¥(bias term)o|t}. 9

gk A
0, Hvkelolz
Ao A 7hE =

T

n

4714 b, = 0% 4Y welojzelth $le] A

ﬂ:[bn Ty Ty = ]T (28)
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5 wet A7) T2 SHL NN 94&
g BAES FEAo= JehE ofgiet 2t

=we(Vy) (29)

A7IA V, We ool A3 J-Sy A wet
72l (update) ¥t}

(V:_FV [:ueTPBm WTE/ +"ir V] (30)

W= Iy - {(5—5' Viwe'PB,, +fi“,W1

T

V=—Ty- [pe"PB, W75 +relV] (31)
W=—Ty- [(6—o Vu)e"PB, +r,lel W]

S AEANA AT Kk, >09 W, 2 (30)°0
et HeMHe 3 WA ddE o
-modifications A&t Y1, 4 @H F
Ha FE)E emodification’S A8t gth.

P BT ®

SHL NN& 93 H&eize] +
< de Az sl TYsAl F 3 (uniformly
bounded)& X743Ht}[8,12,17].

21 (30)9] FH= Y A=Flo] HFH o]
AAs = o= HEH o2 <+
(asymptotic -ally stable)dttt®d 7I5XEZ 3t
o4 F0)o2 7I=s = 237t vk o]
A4 2atAl & (error signals)e A1 EIZ2% gl
ol HEHoZ kAT 4 gt} o9 Wi E
T HE@ Aol FAEA FAU,
Alz="ol A& 21 2] (disturbances) o]t Al

SRR

£5E  YH(commands)e] FOAXH o
-modification> 7%l weh ¥lwd & A4
A s g & Ao AR

emodificatione 7ISXEZ ddF F(0)°l
obd A H e ZEE e AUt A,

o= A&HQ ooy WEFA g vhgol
A 4R eAE Foled =g " 1
# A emodification2 FF Z-S-AHH | 2
oM o ugAE FHZ AAAX g} A
gb o] Al 7 st o) Fel A
@49 A7 FAE AEL HoE &

t}6,7].

VI. MEH o =
(Adaptive Augmentation of a Linear
Control Law)

o H3UIH B2

BAA Fx9 AIA o7 HgA] &
58 FHEeA ERIA AEHES o
= oA e Agalt WA A=u o
%} (feedback 1nver51on)°ﬂ ues F AANH
= A&sta=dl, o WHE FaEF [8]elA
Bl wsl AR} d7ME BE RE
(command tracking) & FHL F UEE Fx
g WA 2 4 () & ¥ o0 F
ANES 7% mAe Adelat

A/?lx"l + B ¢ (32)
o}7]9 B:[o J}Tom 5S¢ Yehy
= A 1)L vaF 2ol 2RSS
r=flz,zu)=v (33)
5 fE A 2 & ge AT 2 24
3 y=Floiu) S AWl H &0 =,
r=v+A(z,z,u) (34)

*j;(ZL',Z‘L',’U,) (35)

Al(z,zu)

= f(z,z,u)

Reference

¢(’ Model

60y

T
e,e’ PB,,

Wing-Rock ¢’ ¢
Dynamics

A 4

Classical or NN-Based
Adaptive Element

Pl

7

Fig. 3. Augmenting adaptive control architecture
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ot} olu] TALX| f(x,%u)% dg woll 3k
(inverse)°] EAF=F X 4?:5}‘:}.

T 4 33)e yvEbd EEHAE el 4]
3E Zﬂﬂs}"’ A3 2 Ay dHA
A & Azshd, shuel Hdd A
:sgn(d Juolth. o] 7% =1
AAle AddA7E = }*E Aoz
olFA B AgwE Aol
1g.3JJr 2o o71A O]'EH A m

2 (320 dod Ve REERRH Y=
55 yehdth
Fig3ol| ] B ukel o] o ab(fifl) AlojAl
% (pseudo-control signal) v& T A Fo=
T3 FTHe6)

> o 1o A 1e @ ¥+

v= m? + Vie ™ Vad (36)
A7IA ye AFA7IS EHola y,e A
SA AN BAEE FEol
A (=HE tea 2] A% —’F AT
z,, =—wx, —2w,r, +ud, (37)
A7 29 v, & T o] A
v, = [Kp Kp|e (38)
a3 2 4), (32), (34), (362 =4, &
A g Ae e FHE et
e=A;0 e+ B, (v,—A(x)) (39)
o714
0o 1
Ape= K — K, (40)
A(xu) =by+bw, +byry Hbolrifz,  (41)
+byfwofa, +bsat + (dy—1)u
2 (40)9] ©o]5L IfREFe} WHA S} #
AZE Atk
Kp=w,,. Kp=2 o, 42
2 (39 vEbd o WAEAE A (104 F
Absteh AnpF o g o] AAVIMAME AW
2 (20), (21), (29), (30)°l YElY= FE P=
A, S A2 UAS A (14)9 sfolt
A N3 et 4 @1)o.2RE AE
b ol WHs] &A= AS & F Utk
u=fzv)ol2g Ax AR vo] F

(@, 1,y)
point solution)”} E&Ajs]or ot o
zde] RN EAol FRache

U] A TH14].

S A A P T )Y

w1 =
%
[0
a

sgn(af/ou) = sgn(af/au)
lof/oul > %Iaf/aul

(43)

ol# g o]fF = w7t Al
x3d davk ok

Matlab/Simulink 52| A]E#o]X ZZ oA
Algebraic loopS F3}7] H3A BF 3 28
A (a Unit Delay)® v & AHS-ETH19].

o uel7k NN Ale] ®E NN 7HsAE
Ag vl A8 2ZHNE 7HAoF k=,
ol NN 7|it g5 I7d d49He =
€ dgigFsd o3 f3st P4 (bounded
functions)2t= ARl & RAHEC FIHA
@ (mean value theorem)S Z{3FOZH
‘G0l FFE Fste UdE Ao
ol AL oM dv/dte) 3 (bound)ell -
HoH13].

cEERIUEE

UN=

3}
<

37

VII. Al 220l &3t

2 Aol AlEdelde HE&3 80=
& zte e FEAsss B
a, =25, &8 U, =15m/secd W2 ZgE°]
o5]. ¥4 Al7H(Nondimensional tlme) =
(40, /b)to) 3 b=0.429meolth o] ¢ 2 =Y
FE g A @l Bl 2] wiziws b9}

dye T 2

by =0, b, =—0.01859521, b, = 0.015162375,
by =—0.06245153, b, = 0.00954708,
b, =0.02145291, d, = 1

% e 27] ZA0] AEHY

Z71(Small initial condition):
=6deg., #(0)=417.4 deg/sec.
ZZl(Large initial condition):

¢(0) =30 deg., ¢(0) =1398 deg/sec.
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9,(degisec) (x 139.8)

o

Small initial condition
-5 = = = Large initial condition

-40 -20 0 20 40 60 80 100 120
9(deg.)

Fig. 4. Open loop system dynamics for
the two initial conditions

7§ (open-loop) &= Fig4ol H<I
2o A2 x7] 270 WM =
F83dl= Limit cycles Holi, & %7
o N e Eiste B TS B
2 @9 7iE EEd #d wpiHsEs
¢=0707, w, =052 AASATL. 4 (38)°] A
Ao 7] 0158 7% 2deol AZm z3=s
olFE=R st @%@’—‘1‘4}4 g o5
(adaptation gains)@ ThE wiZ/lHF S A&
of W& TEFE& oF7]5HA] ?%*9-“5/\1 7hsd A
Ao Hes FHRIEE &Y Forz
I B A e EolE JsH= Q=1 &5 A&
At

7.1 H3HMo7| A matoe MFH

THH-S 1'1101"474]“ AFGA oz A () ( 2),
13), (37) 223 (38)& o]Foj ¢A 34
o #HFx /\]/\Eﬂo]l:]- ATS 95 b
SReEg g)()e A (12)01“1 002
Q@S}%E} X*"O]%% r=1584 HnE3
519} e grolch,

RBF NN 714k A gAlo1d A= 4 (4), (19),
(20), (37) :L?AL (8= FAHET o ALA
ol dAE 3 441718 RBF NN AE E9
o—¢pBRANN ThE} go] AR BEIE
2 stk

/—\

0

rlo

—

j1A1]
=1 44
€ [bAz (44)

o714 A, =02rad, A,=0.17rad/sec LT3l
G ={—10,—9,..,9,10}. ALY Z 57
12 At #H&ol52 I'=005L rp=0%

o]
(30), (37) a3 (38)E FAHE H
olch. edzal 1049 Fee A4adw, 3
o152 =17, I'jy=10°1% o-modification
oI5#2 K, =k, =5°th BAAS HE2 01
oA 1ALe] °ﬂ ﬁ‘rg Al EEAIF

o714 & 7hA A AL 4, =171 ¥
2 2 41)Y AZAAL uol FHsta o] 4
ol AF3 2] dHoew vE AT %3
7b gleh =3 Ve Rdd d3dAer]e 1
S
= AddAl71e Fied FHgle]l e A
o] @A ol A 2t
72 dlu 24

B AFelAe 1T FolA A
(commands)e] 1= A5

ol

] =
Hal = 27 zAdA ABd oA
AESAT o FolA A& Al ASA 7]
He BASAT Ciol BEREAE I
A 7E B2 = A ¥ # (square
wave command)g #8351t

T 27 29X AZ HHF s
< Fig.5 ~ Fig.7ol Bt A A o717}k
e ol A Xd@oxﬂom RBF NN 7|8k 2
Aole] FEFS FAED [BlolA AANE A
S AR 474 1S Aot vlaY
49 44 ol gis] Al ¢x Ae
#AZ 1 At ddn @ + 9ok 2o
Fig59] ZAfd A= o}Z 2] 2007 (21)dl Al
A1E modificationE©] RBF NNo|A 2 &5 %
24T} Fig.69t Fig7olA B ulgl o] o

oo

I

N §9 ol
oo r|r n

=

0

q:w(deg/sec) (x 139.8)

9(deg.)

Fig. 5. Comparison of responses for a
small initial condition
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B | 1=r=r CIa‘sswca\adaptnve 4 — Ned#1
= = = RBF NN with 6-mod .~ N=231
4 SHL NN with 6-mod. 3
s 2 2
x 0 ;
H § o
22 K
-2
-6
-3
-8
-4 -2 0 2 4 6 8 -2 0 2 4 6 8
9(deg.) 9(deg.)

Fig. 6. Comparison of classical adaptive and Fig. 9. The effect of the number of RBF
NN-based designs with o-modification units for a small initial condition
for a small initial condition &I ——r:

al|" N=5
v v V1 = N=2
10 _ 2
s g
s 0 P
3 g o
. g
g -1 i‘g -
3715 -2
& g -3
o Classical adaptive ".\ 2 4
3ol | = = = RBFNNwith -mod ~ o -2 0 2 4 6 8
SHL NN with 6-mod. ¢(deg.)
—355 0 5 10 15 20 25 30 35 .
a(deg) Fig. 10. The effect of the number of SHL
Fig. 7. Comparison of classical adaptive and neurons for a small initial condition
NN-based designs with o-modification
for a large initial condition PAo]7] mroezT SHo] BEF AdHZHe|
AW 9 % Bl AEsts JuA
. A A® 2t Ax wgY 5 gk
o ] RBF NN& 2&% uf % 109 #AES AE
gl | e Ae gutdew HAe Ade opn
T\ ‘ O Ee ARF AYSH Hds FHHYEE
i 4 zgsok Fok 2 A4S Hake el sy
" 2 oo A TEe Agetel gk
Zf : o= Pmax _Pmin (45)
2(VN-1)
0
=T ey A7 Pt P 2D (input
domain)®] HtHx] 9 HAA |1, N &S
Fig. 8. Gaussian basis functions for N=25 22l Lxjolrk o] [ AHE  dEA
P = Py =2°130 N=25%1 3¢9 X5
-modificationg A &39S W §HL o|HE Fig.8° A|A] 3tATh T53HA e FAH
o ®R AdE wme ol nHAS Aol 2 @5)dl s Fel® EL zte N AHRE
o FHE T/ E A & F Uk A ZAIEH Fig9el #th FilE Figl02 SHL
3 A5 IS emodificationd EHXNE A4S NNe| Aoo] 9lolA Fae 2 No| &3
T Aok A, A8 A7zt HgA 7] £ BAF3
2 EAEAES W ZE HSEAY Ao 1 AAE HLAAVIHESY FETAAFS Bt
o]l FFHAY. vE HgA oy glo] A #7 M 4z Frlg +10E9 FES
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¢(deg.)

Reference

----- Classical Adaptive
= = =RBF NN

25 = SHLNN

0 5 10 15 20 25 30
Nondimensional time,t

Fig. 11. Responses for a square wave command

=+ = Classical Adaptive
0.15} | = = = RBF NN 3.4
= SHL NN 1

5 10 15 20 25 30
Nondimensional time, t*

Fig. 12. Comparison of ‘A (t')—v,,(t")’

Zte AR B8-S A48sAd v, S 40
rad/sect A F7v& 715 Rl s $HEL
Fig.11o] A3tk «7]4 SHL NN 7|9t
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