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Abstract—In this paper, we propose an observer based model measurement in aforementioned works [3], [4], [7], [8], [9],
reference adaptive iterative learning control (MRAILC) using [10], [11], [12], [13], [14]. But unfortunately, the system state
model reference adaptive control strategy for more general class  vector of the physical plant is usually unavailable for state
of uncertain nonlinear systems with non-canonical form and e qurement. In order to relax the strictest plant assumption
iteration-varying reference trajectories. Due to the system state in these related AILC works that the system state vector is
vector is assumed to be unmeasurable, a state tracking error unavailable for state measurement, the output based AILC

observer is applied for state tracking error estimation. Based on . .
the state tracking error observer and a mixed time-domain and s- schemes [15], [16], [17], [18] for nonlinear systems using only

domain technique, a relative degree one output observation error output measurement is still a challenge issue in this research
model whose inputs are some uncertain nonlinearities and filtered field of ILC. But a comparison with the state based AILC
signals which is derived to solve the relative degree problem schemes [8], [9], [10], [11], [12], [13], [14] is that most of
caused by the system states are not measurable. Besides, we also these related output based AILC schemes [15], [16], [17] are
apply some auxiliary signals and an averaging filter to transfer ~ only used to deal with the nonlinear systems satisfying some

the original output observation error to a new formulation so special structures: (1) canonical form nonlinear systems (2)
that we can implement the AILC without using differentiators. output-feedback form nonlinear systems.

The filtered fuzzy neural network (filtered-FNN) using the sys-

tem state estimation vector as the input vector is applied for In this paper, an observer based model reference AILC
approximation of the unknown plant nonlinearities. I;‘ order  (MRAILC) using model reference adaptive control strategy is
to overcome the lumped uncertainties associated with function proposed for a more general class of uncertain nonlinear sys-

approximation error and state estimation error, a normalization - : . - .
. . . . . . . tems with non-canonical form and iteration-varying reference
signal is applied as a bounding function for designing a robust . . . .

trajectories. In order to deal with the issue that the system

AILC. The stabilization learning component is used to guarantee . .
the boundedness of internal signals. Based on a Lyapunov like  State vector is assumed to be unmeasurable, a state tracking
analysis, we show that all the adjustable parameters as well as error observer is applied for state tracking error estimation.
internal signals remain bounded for all iterations and the norm  In order to solve the relative degree problem caused by the
of output tracking error will asymptotically converge to a tunable system state vector is not measurable, we derive a relative

residual set. degree one output observation error model whose inputs are

Keywords—Adaptive Iterative Learning Control, Observer, Model some uncertam nonlinearities and filtered .Slgnal's by using
Reference Adaptive Control, Filtered Fuzzy Neural Network, Non- the state trz.lcklng crror observer and a mixed tlm.e-domaln
linear Systems and s-domain technique. On the other hand, we design some

auxiliary signals and an averaging filter to transfer the original
output observation error to a new formulation so that the
AILC can be implemented without using differentiators. In

It is well known that adaptive iterative learning control  order to approximate for the unknown plant nonlinearities,
(AILC) scheme [1], [2] has been widely studied for performing the filtered fuzzy neural network (filtered-FNN) using the
the repeated tracking control of uncertain robotic systems [3], system state estimation vector as the input vector is applied for
[4], non-Lipschitz nonlinear systems [5], [6] and precision  approximation of the unknown plant nonlinearities. In addition,
motion systems [7]. In recent years, the fuzzy systems, neural a normalization signal is applied as a bounding function for
networks or fuzzy neural networks were applied to approxi-  designing a robust learning component in order to overcome
mate the plant nonliearties for the design of the state based  the lumped uncertainties are consisted of function approxima-
AILC [8], [9], [10], [11] due to the plant nonlinearties are tion error and state estimation error. The stabilization learning
unknown. It is noted that the most attractive advantages of =~ component is used to guarantee the boundedness of internal
the AILC schemes in the research field of ILC is that the signals. Based on a Lyapunov like analysis, the adaptive laws

I. INTRODUCTION

AILC schemes can be used to deal with three important issues: combining time domain and iteration domain adaptation are
(1) iteration-varying reference trajectories (2) random large  determined to ensure the convergence of learning error. Finally,
bounded initial resetting error (3) random bounded disturbance. we show that all the adjustable parameters as well as internal

In order to facilitate the design of the state based AILC, the signals remain bounded for all iterations and the norm of
system state vector is necessary assumed to be available for  output tracking error will asymptotically converge to a tunable
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residual set whose size depends on some design parameters of
averaging filter as iteration goes to infinity.

In this paper, L, [0, T] denotes the set of Lebesgue measur-
able (or piecewise continuous) real valued (vector) functions
with L, norm [10] and |(-)¢|| .. = sup,<; |(-)(7)| denotes the
truncated L., norm of the argument function or vector [19].

II. PROBLEM FORMULATION AND CONTROL OBJECTIVE

In this paper, we consider a class of nonlinear systems
which can perform a given control task repetitively over a
finite time interval [0, 7] as follows,

X0 = FO00) b0 )0
Y = CTXI() (1)
where CT = [1 0 0]. Here X7(t) € R™! is

the (transformed) state vector of the systern which is not
measurable, u’(t) is the control 1nput Yl (t 1s the system
output, f(X7(t)) = [f1(X7(t)) 7fn XJ(; € R”“
and b(X7(t)) = [b1(X(t)), - € R a
unknown real continuous nonlmear functlon vectors of states,
j € Z4 denotes the index of iteration. The followings are the
most relevant conditions on the nonlinear system throughout
this paper.

, e

(AL by (X7 (1) =+ = b1 (X7 (1)) = 0, by(X7(£)) # 0,
p > 1. The special case of p = 1 is much simpler
and not considered in this paper because of the paper
length limitation.

(A2) The sign of b,(X7(t)) is known. Without loss of
generality, we assume b,(X7(¢)) > 0.

(A3)  b(X7(t)) is bounded VX7 (t) € R™*1.

(A4)  f(XI(t)) is bounded if X7(t) is bounded.

The control objective is to find an iterative learning controller
u? (t) using only output measurement 7 (¢) such that 37 (¢) can
follow an iteration-varying reference output 7 (¢) as close as
possible V¢ € [0, T] when iteration j approaches infinity. The
iteration-varying reference output is generated by the following
reference model,

X7, (t) A X3, (1) + Byrd (t)
Y (t) CT X7, (t) )
where
—a™ 1 0 0 b
I T - b
—am 0 0 0 b

Here X7 (t) € R™*! is the state vector, 77, (t) is the ref-
erence input, A,, is a Hurwitz matrix. In general, we will
choose 07" bpty = 0 and b' = 1 according
to assumption (Al)and (A2). The reference model M(s) =

ST TP s TP b
CT(sI — Ay)"'B,, = 9,,+(;’f;1g,7 T - is a stable

and minimum phase system with the requ1red specifications.
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III. OBSERVER DESIGN AND OBSERVATION ERROR

MODEL

Define the state tracking error vector and output tracking
error as E7(t) = X7 (t) — X7 (¢) and €7(t) = yl,(t) — ¥/ (1)
respectively, then we can easily derive that

Bift) = AnB(0)+9(X(0)
+ (X7 (8))u (t) + Bmu? (1)
ety = CTEIt) 3)
where g(X7(t)) = A X7 (t) — f(XI (1)) + Bprd, (t) € R™!

and h(X7(t))) = —[b(X/(t)) + BnJu/(t) € R™! are
unknown real continuous bounded nonlinear function vectors
of state if X7 (¢) is bounded. An observer is designed for the
state error estimation vector F7 (t) = X7 (t)—X7(t) as follows

=J o . )

E(t) = ApE(t)+ Ko(e'(t) — € (1))

e(t) CTEI(t) (4)
where K, = [k$,--- ko] € R" is the observer gain vector

designed such that A, = A,,,—K,C'" is Hurwitz. Let Ei(t) =

Ei(t) — E7(t), the observation error dynamics can be derived
as
~J ~. . . .
E () = AE @)+ g(X' (1) + h(X (1)’ (1)
+ B (1)
dt) = CTE() (5)
Note that [¢/(0)] = [e/(0) — &(0)] = [e(0)] = &’.

Based on the universal approximation theorem, g(X7(t)) can
be approximated by a traditional FNN W7 (t)TO®) (X7 (t)).
Here O®)(X7(t)) € RM*! is the basis function vector
with M being the number of rule nodes and WJ(t)
(W{(t), -, Wi(t)] € RM*x" is the weight matrix of
the output layer. According to the universal approxima-
tion theorem, there will exist an optimal weight matrix
w (Wi, -, Wi € RM*" guch that g(X(t))
W*TO(3)(X3( )) + €/ (X7 (t)), where ¢(X7(t)) € R™¥! is
the approximation error vector satisfying ||e/ (X7 (¢))|| < €* in
a certain compact set. This implies that (5) can be rewritten as

E (1) = AE )+ W TO®(XI(t) + (1)
+ R(X7(t))u (t) + Bmu? (t)
et CTEI(t) (6)
where 07(t) = [89(t),---, 00 (1)]T = W*T (OB (XI(t)) —

O®)(Xi(t)) + e(X7(t)) € R™ is bounded. The control
objective is now transformed into a problem of forcing the
output observation error ¢/(t) to converge to zero. We now
adopt the mixed use of a time signal and a Laplace transfer
function to obtain the explicit expression of ¢/ (¢) in (6) in time
domain with a filtered version as

&)

H(s) [—

+ ol }—kZH ) [ma(x

W ()] + Z Hi(s) W TOW (X7 (1))

OO



where H(s) = CT (sI = A,) ™" By = S, Hi(s) =
7det(§} IA y and H; (s) = H(s)ﬁ The observer gain

vector K, will be chosen such that det(s] — A,) being
any Hurwitz polynomial. The above equation can be further
rewritten as

()

n
= l“j +ZW

o |WTOP (X7 (1))

n—i

+al(t } + Z s"P—T———l—bm [hi(Xj(t))uj (0}](8)

i=p

It should be noted that gnpﬂi_b,”, , = 1,---,n are stable due

to assumption (A1) but may be proper or nonproper. Rewrite
(8) as &/ (t) = H(s)[u’ (t) + 7’ (t)] where

n—1i

n
e
pt Sn—p R bgl
+Z SnP 4 .

According to the approach of traditional model reference
adaptive control [19], it is known that if %/ (¢) = 0 so that

w(t) = (WO (X (1) + 61 (1))

i (X 0]

€’(t) = H(s)[u’(t)], there exists a constant parameter vector
O =[01,---,02,]" € R?™*! such that the following Laplace
algebraic equation will be satisfied:

1 — ¢a(s) — ¢p(s)H(s) = O, M~ (s)H(s) (10)
where ¢q(s) = (01,00 1]515, $o(s) = [On,- -+, 0202
XS+ 01, a(s) = [s772,-++,5,1]T and A(s) = "1+
As" 2+ ... 4 \,_1 is a monic Hurwitz polynomial will be

designed. Since H (s) and M (s) are known transfer functions,
A(s) is a known monic Hurwitz polynomial, the constant
parameter vector © will be a known constant parameter vector
by solving the Laplace algebraic equation (10) and we can
easily derive that f3,, = 1. Operating both sides of (10) on
u? (t) +u (t) implies that
e(t)
= M(s) [ (t) + () — gu(s) [0/ (1) + 7 (1)

~an(s)[e70)]|

= MO - o0+ (- s [P )]

0 w(t)

— M) |wi) -
£ P [WrTOO R @) + 50)

n En: Pi(s) {hi(XJ

() ()] an

. . . . T
where wi(t) = [$3W@)L $3@@), @)
Pi(s) = 1—015”_2;;)'”’“1) 8,,_,,5:;1),“. Since the

reference model M (s) is relative degree p, we can choose

L(s) = (s +A3")--- (s + A}') as a Hurwitz polynominal with
degree p — 1 such that

n—p 4 ... .4pm 1
M(s)= S Fon _

det(sl — Ay,) (s +AT)(s+ A5 -+ (s + AnY)
, then we have M(s)L(s) = ﬁ = ﬁ is a stable

s ST

relative degree one transfer function. Now, if we let G;(s) =
= Pi(s) = o5 (1- 015" POy so bein
O = Ik NO) P e g

stable due to L(s), A(s) and s"” + --- 4+ b are Hurwitz
polynomials but may be proper or nonproper. Then according
to (9) and (11), the output observation error model (11) can
then be written as

70 = | -eew
+ zn: wrToM (X7 (1)) + 5{(75)] (12)
where gﬂ() - Ll)[wﬂ(t)}, OV (Xi)) =
Gi(s) [ } and the lumped uncertainties is
5 = gcw [N ©] + 5 6us) 0],
respectively.lip -

IV. DESIGN OF OBSERVER-BASED MRAILC

In next, we define an augmented signal with filtered version
as

00 =55 |70 - g5 [0 0] | wo =0 a3

where v7(t) is an auxiliary input to be designed later. Then,
design an auxiliary error signal as

eq(t) =& () +ya(t), eg(0) =(0) (14)
Substituting (11) and (13) into (14), we can find that

en(t) = V() -0

1
t(s)

n
S wWrTOM (X)) +ai)|  (5)
i=1
Then the time-domain state space representation of (15) can
be derived as

ety = —ATel(t) +0/(t) - 07E ()
n
+3WTOM (X)) + o4t (16)
i=1
To overcome the uncertainties from initial output tracking
error, a new signal ¢;(t) is introduced as follows,

€, (t)
¢ (t)

eé(t)—eat)—wa)sat( ) () = TN (17)



where sat is a saturation function defined as
, 1 ifel(t) > ¢ (1)
egl (t) _ ef; (t) . j j
sat ()] ®1 (1) if |e_a(t)| < ¢ (t)
-1 ifel(t) < —¢’(t)
Note that 0 < efe FT < ¢J(t) < & and e;(o) =0,Yj > 1.
Now differentiate %(eé5 (t))? as follows,

Lo = (el —sen (1) &)

= A1) +et) [””(t) ~ 07

LI ORT0] I
i=1
where sgn(eé)(t)) is the typical signum function. Next, we
introduce the normalization signal m7 (t) [20] as follows,

02
s+ 01
2

where m7(0) > $, 01,02 > 0 and &1 < ¢*. Here ¢* is the
least positive constant such that G;(s — 0*) is stable systems.
According to the definition of 67 (¢) defined in (9), we can find
that Y7, Gi(s)[6(¢)] is bounded since &7 (¢) are bounded
and G;(s) is a stable proper or strictly proper transfer function
fori=1,2,---,n. Furthermore Y 1" Gi(s)[hi(X7 (t))u/ ()]
will be bounded by u(t) since h;(X7(t)) is bounded and
Gi(s) is a strictly proper transfer function for ¢ = p,---,n.
Hence by using Lemma 3.1 in [20], we can prove that
87 (t)‘ < 9*(m?(t) + 1) for some unknown positive constant
1*. Based on the derived error model and the useful signals,
we design v/ (t) and v (t) as follows

mi(t) = [1 + |uj(t)|} (19)

j L(s)
W) = el o) 0
d1) = 0TEn) -3 W0 (X))

— sat (%?) W (£)(md (£) + 1)

— el () () TE () — e, (1) (m? (1) +1)* 1)

where W (t)TO™ (X7(t)) is the ith output of a filtered-FNN,
W) (t), i = 1,---,n is the weight matrix of the network
and 17 (t) is control parameter. W/ (t) and v (t) are used
to compensate for the unknown W, i = 1,---,n and ¢*
respectively. Furthermore, we define F'(7s) = (7s + 1) with
7 being a small positive constant. In the literature, ﬁ is
referred to as an averaging filter, which is obviously a low-
pass filter whose bandwidth can be arbitrarily enlarged as 7
approaches 0. A set of stable adaptive laws is designed to tune
all the control parameters as follows,

(1= )W/ () = —mWIEt)+mW/ 1)
+hel (O (X (1)  (22)
—72t? (t) + 727 7 (t)
+Balel, (M) (m () +1)  (23)

(1 =)/ (t) =

with W7 (0) = W/ (T), i =1,---,n, ¢7(0)
j>1,and 0 < 7y1,% < 1, B1, B2 > 0.

= I~ Y(T) for

V. ANALYSIS OF STABILITY AND CONVERGENCE

If we define the parameter error as W;(t) = W/ (t) — Wy,

i=1,---,n and 7 (t) = ¥J(t) — ¢* and substitute (21) into
(18), we have
14 e
2ar o)
< —hie(t)? - ZWJ )TOW (X7 (1))
—[el ()[4 (1) (m (¢ )+ 1) — el ()¢ ()¢ (1)
— el (t)>(m! (t) +1)° (24)
Lemma 1 : Consider the nonlinear system (1) performing

a repetitive control task. If we apply the observer-based
MRAILC (13), (14), (17), (19), (20), and (21) with adaptation
laws (22) and (23), then we guarantee that e}, (), e, (t), W/ (t),

¥1(t) are bounded.

Proof: Choose a Lyapunov-like positive function as

then we have

N v 1 -1 2 7
oy 2o T )+ e

= V' (25)

Vi) <

i n and ¢0(t) = —1p* are
bounded for all ¢ € [0, 7] so that if j = 1, (25) is rewritten as

Since Wo(t) = -Wri=1,---,

a < W*TW* * (26)
2»31 Z Qﬂz 25,V

It readily implies V,1(1), e}, (£), WA(1), %' (t) € Loce[0,T), i =
1,---,n since V,}(0) is bounded.

Lemma 2 : Consider the problem set-up in Lemma 1. The pro-
posed observer-based MRAILC guarantees that e ¢( ), Wi(T)
and 1/)3 qu are bounded for all 7 > 1 as well as
lim; o0 [y €}(t)?dt =0 and lim; o 6¢( )2 =0.

Proof: Define a positive function V7 (T') as

VI(T)
-/ (251 2 W0+ 55 WW) :
1 - M 5 T 5 1=~ 2
26 ; Wi W)+ 203, =25 V@D



Using the technique of integration by parts, we can prove that

VI(T) - VITH(T)

T/ Py
< (eé(t)ZWi(t)TOMXJ(t))

AR IONIO

. ) 1 .
+ el ()2 (m (1) + 1)2)dt — 3T @®)
where we use the integration of (24) from 0 to 7" and the
property of §(e,(0))* = 0.

Since V1(T') is bounded by Lemma 1 and V7 (T') is positive
and monotonically decreasing, we conclude by the result of
(28) that V7(T) is bounded for all j > 1 and will converge
as j approaches infinity to some limit value V(T') which
is independent of j. Since VJ/=Y(T ) Vj( ) < VYT),

(28) also implies that fo 64) (t)%at, f 1)283 () T¢I (t)dt
OT e;(t)Q( J(t)+1)%dt and €, ( )? are bounded forall j > 1.
Igurthermore, lim; o0 fOT e’ (t)th = 0and lim; .o €},(T)* =
Lemma 3 : Consider the problem set-up in Lemma 1. The

proposed observer-based MRAILC ensures that all the internal
signals are bounded.

Proof: Integrating (25) from O to ¢, we have
T .
Vi (®) §‘7@+/‘W*@ﬂ (29)
0

Since V7(T) defined in (27) is bounded and VJ(0) is
bounded by using Lemma 2, we can conclude from (29) that
Lf V}f_l'(t)dt is bounded and hence, V/(t), €}, (t), W/ (t),
I (t), €1(t), € Looel0, T

However, the boundedness of VJ(t), eé)(t), 7(t), I (1),

W
el (t), can not guarantee the boundedness of m/ (¢ ) and input
u?(t). In order to show the boundedness of m? (t) and v’ (t)

for all ¢ € [0,77], we first note that |, el (t)2E ()Tl (t)at,
fg eé(t V2(mI (') + 1)%2dt’ € Loce|0,T]. Now we adopt some
techniques given in chapter 2 of [19]. Consider u/(t) in (20)
as follows,

+e§) " (m? (t') + 1)2dt’] (30)

Since W (t), O (X4(1)), (1), [ el(t")ei(¢")T& (')’
and fot e;(t’)(mj (t') + 1)2dt’ are bounded for t € [0,T],
and % is strictly proper stable transfer function, %(:2)
is proper stable transfer function, (30) implies that u/(t) will
satisfy

[ ()] < Ky ([1E7)elloo + (M7 )elloo) + K 3D

for some k; > 0 by lemma 2.6 in [19]. Now, we investigate
the filtered signal & (¢). By definition,

& (t) 1
= e T
= a(s) a(s) - .
N { ONOR T(s)/\(s)[ O, 7€ )]
= [dw.gm.g0)] )

Suppose that the corresponding state-space realization of each
element of &/ () is A.;, B.;, C.; with state variable z; (¢), i =
1,2, 3. Together with the observation error dynamics (6) and
normalization signal (19), we construct an extended dynamic
equation as follows:

~J

E (t) A, 0 0 0 07[E@
m (t) 0 -6 0 0 0 m? (t)
(1) = 0 0 A, O 0 2] (t)
Z% (t) 0 0 0 AZQ 0 z% (t)
() 00 0 0 As] L

q; (T

(1

(33)

(S
o~

e s e
o~ ~
—

o] L=}
TR O WS N -,

where ¢i (t) = w*To®) ()?3 (t)) + 67 (t) + h(XI(t)ud (t) +
Bpul (1), q3(t) = —62(1 + |[u?(2)]) » g3(t) = Baw!(t),
q)(t) = B.2é’(t), ¢2(t) = B.3é’(t) . Let XJ(t) be the state
vector of the extended dynamic equation (33). Taking norms
on (33) will yield

IXZ@N < k2| XIO] + kol (1)) + k2
< Esll(X2)tlloo + K3 (34)
for some ko, ks > 0 since |q{(7§)|~ <

7 () elloo + (M7 )illo) + 1 and [€7(1)] = [CTE(t)] <
[|XZ(t)||. This implies that XJ(¢) is regular [19] and
mJ(t) is a smooth signal. Together with the result
of Jy (bt ()T (W) + eh(#)mI (#) +1)2) ' €
Looe[0,T], we can now conclude that &7(t),m?(t) €
Looel0,T1.

Due to W7 (1), O (R (1), v (1), €9(t), mi(1), e(t) €
L]0, T], we have v? (t) € Looe[0, T (by (21)). The facts of
07 (t) € Looe|0,T] and ngi)s) being a strictly proper stable
transfer function implies that w7 (t) € Loge[0, T (by (20)). By
the facts of v’ (t), u? (t) € Looe[0, T, we can easily prove that

all the internal signals are bounded.
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Theorem 1 : Consider the system set-up in Lemma 1. The
proposed observer-based MRAILC guarantees the tracking
performance and system stability as follows :

(T1)  lim e)(t)? =0, for all t € [0,T].
oo @

(T2)  lim |l ()] < e '™, for all ¢ € [0, 7).
j—o0

(T3)  lim [&(t)] < e M e™ + 1ky, for all ¢t € [0,T] and
j—oo
for some k4 > 0.

(T4) Let § and k5 be the positive constants such that the
transition matrix ®(t) of A, satisfies |®(t)| < kse 0"
Then there exists a positive constant kg such that

. —At st —5t

lim oo [09(8)] < Ko (2 St + Tha 225,
for all ¢t € [0, 7.

(T5)  limj oo |e7 (2)] le®(t)] < e M'te>® + 7hy +

1 tie_

PE Y

kﬁ g &

Lt Thy 1*%_5‘), for all ¢t € [0,T].
Proof : Based on Lemma 1, Lemma 2 and Lemma 3, we
can conclude the results of (T1) and (T2) by using similar
argument for Barbalat’s lemma (e.g., Lemma 3.2.6 in [21]).
For (T3), substituting (20) into (13), we can find that e’ (¢)
actually satisfies

ety = &(t)—ylt)
~ 1 1 j
- Ju) - o] (1 _ T(m)) [v (t)}
2 F) - R@) (35)

Since v/(t) is bounded and the H.,, norm of [1(1 —

FF’(TS )||OO = nt and ||€(8 |loo is bounded, we can conclude

that

ISt
Ri| < —(1
®1= |50 )| e

for some k4 > 0. Taklng norms on (35), we find that
& ()] < led ()] + R (6)] < [ed(6)] + Tha

As iteration goes to infinity,

||<>o < Tk?4

lim & (2)] < e M'e™ 4+ 7hy
Jj—00

Finally, the results of (T4) and (T5) can be achieved by the
similar technique in [10].

VI. SIMULATION EXAMPLE

In this section, we consider a strict-feedback nonlinear
system [22] whose dynamic equation is given as follows,

i (t) 0.1(2 ()% 4 (1 + 0.1sin(a] (¢))) (1))
i () 0.2e772() 4 4 (t) sin(z3 (1))

+ (1 + 0.3 cos(x (t)))u (t)
Y (t) 1 (t)

where X7 (t) = [a](t), az:Q(ﬁ)]T € R?>*! is the state vector
of the system, u/(t) € R is the control input, yj( ) €R
is the system output. Here the input gain function is chosen

J
)
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s (14 0.3 cos(y’(t)) rather than 1 such that it will be more
general than the one in [22]. The iteration-varying reference
trajectory dynamics is designed as in (2) with af* = 2,a3" =
1o = 0,05 = 1,74, (t) = sin(t)+0.01 sin(275 /5). The con-
trol objective is to let system output y7 (¢) track yJ (¢) as close
as possible over a finite time interval [0, 30] with only ¥ (¢) is
measurable. Furthermore, we design det(s] — A,,) = (s+1)2,
det(sl — A,) = (s +2)%, AX(s) = (s + 1), £(s) = s+ 1
and L(s) = (s + 1), respectively. Since H(s) =
M(s) = +1)Z are known transfer functions, the constant
parameter vector © = [01,602,03,04]7 = [2,—1,—4,1]T will
be a known constant parameter vector by solving the Laplace
algebraic equation (10) so that we can easily design G;(s)
2=y 1,2. In addition, the normalization signal

m?(t) is designed with §; = 0.02, do = 0.04, m?(0) = 5.
To guarantee a satisfied tracking performance, the adaptation
algorithms in (22) and (23) are designed with v = v = 0.5
and ;1 = B2 = 500, respectively. Besides, the averaging filter
in (20) is given with 7 = 0.01. The nice learning performance
is shown in Figure 1. It is clear that the effectiveness of the
learning controller can be achieved by the proposed AILC.

W and

(b)

1

0.5

0

-0.5

20

10 20 30

Figure 1 : (a) sup;¢(o 30) €, (t)] versus j; (b) e3(t) (solid line)
and +¢°(t) (dotted lines) versus t; (c) y°(t) (solid line) and
y5 (t) (dotted line) versus t; (d) e®(t) (solid line ) versus t;
(e) u’(t) versus t.

VII. CONCLUSION

An observer based MRAILC for repeated tracking control
is proposed for more general class of uncertain nonlinear sys-
tems with non-canonical form and iteration-varying reference
trajectories in this paper. Since the system state vector is
assumed to be unmeasurable, a state tracking error observer is
designed to estimate the unknown system state vector. Besides,
a relative degree one output observation error model based on
the tracking error observer and a mixed time-domain and s-
domain technique is derived for the design of the MRAILC.
By using a technique of averaging filter, a filtered fuzzy neural
learning component is used to approximate the unknown plant
nonlinearities, a robust learning component is designed to
compensate for the lumped uncertainties and a stabilization
learning component is used to guarantee the boundedness of
internal signals, respectively. Finally, we use a Lyapunov like



analysis to derive adaptive laws and study stability and learning
performance. All adjustable parameters as well as the internal
signals will remain bounded. Furthermore, asymptotically con-
vergence of output tracking error to a tunable residual set is
shown as iteration goes to infinity.
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