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Abstract— Higher-Order Iterative Learning Control (HO-
ILC) algorithms use past system control information from more
than one past iterative cycle. This class of ILC algorithms
have been proposed aiming at improving the learning efficiency
and performance. This paper addresses the optimality of HO-
ILC in the sense of minimizing the control error covariance
matrix in the presence of measurement noise. It is shown that
the optimal weighting matrices corresponding to the control
information associated with more than one cycle preceding
the current cycle are zero. Consequently, an optimal HO-ILC
is automatically reduced to an optimal first-order ILC. The
system under consideration is a linear discrete-time varying
systems with different relative degree between the input and
each output. Furthermore, a suboptimal second-order ILC is
proposed for a class of nonlinear systems. Based on a numerical
example, it is shown that a compatible suboptimal first-order
ILC yields better performance than the proposed suboptimal
second-order ILC algorithm.

I. INTRODUCTION

In the past two decades Iterative Learning Control (ILC)
has attracted considerable attention in many areas and ap-
plications. ILC is an approach aimed to improve the desired
dynamic behaviors of systems that operate repetitively over
a fixed time interval. It is useful for problems whose system
must follow different types of inputs in the face of modeling
uncertainty. The high accuracy output tracking potential of
ILC algorithms makes them attractive despite the run-to-
run implementations problems inherited to this approach.
ILC incorporates past control information such as tracking
errors and their corresponding control input signals into the
construction of the present control action.

ILC algorithms may be categorized in terms of their order.
Traditional ILC algorithms (e.g., [1]) are classified as first-
order ILC scheme, which only employs control information
of the previous cycle. The n'’-order updating law uses
the data of the n previous cycles including control inputs
and their corresponding output errors. The class of ILC
corresponding to n > 1 are known as higher-order ILC (HO-
ILC) algorithms. Many researchers have considered HO-
ILC algorithms; e.g., [2]-[10]. Most of the proposed HO-
ILC algorithms are shown to be robust and, in absence
of measurement errors, drive the output error to zero for
different classes of systems. It is also interesting to note
that at the 15" TFAC World Congress on Automation and
Control a special session was devoted to HO-ILC; e.g., [7]-
[9]. The basic incentive for using HO-ILC is to improve
the control performance by using more of the past control
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information. However, there are 2 X n gain or weighting
matrices associated with a traditional n'"-order P-type ILC.
Half of these gains multiply the previous control inputs
and the other half multiplies the corresponding output er-
rors. Appropriate selection of these gain matrices can be
troublesome. In [6] lower order ILC algorithms are shown
to outperform (speed of convergence) higher-order ILC in
the sense of time weighted norm. However, the results in
[6] are only applicable to SISO LTI systems in absence of
measurement errors. Based on numerical examples, many
have demonstrated that the speed of tracking convergence of
a second-order ILC outperforms a first order ILC; e.g., [2],
[3], [5]- In [10], it is shown that HO-ILC could be used to
reduce the variance of the effect of measurement noise.

The problem addressed in this paper is based on the
following question: consider a first-order ILC and assume
that the present control action exploits "optimally" the past
control information in every iterative cycle (in presence
of measurement errors) could a HO-ILC algorithm further
contribute to the optimality measure under consideration?
The optimality measure considered in this paper is in the
sense of minimizing the control error covariance matrix.
The system under consideration is a MIMO linear discrete-
time varying systems in presence of measurement noise
with different relative degree between the input and each
output. The problem is tackled by first considering a second-
order ILC whereby the gains associated with the update law
are established by minimizing the control error covariance
matrix. It is shown that the gains corresponding to the control
information associated with two cycles preceding the current
cycle are zero. That is, the optimal second-order ILC is
automatically reduced to an optimal first-order ILC. The
generalization of HO-ILC is then readily deduced.

Since the optimal ILC algorithm requires knowledge of
system dynamics and disturbance statistics, a suboptimal
second-order ILC is proposed for a class of nonlinear sys-
tems. Based on a numerical example, it is shown that a com-
patible suboptimal first-order ILC yields better performance
than the proposed suboptimal second-order ILC.

This paper is organized as follows. Section II formulates
the problem addressed in this paper. The optimality of HO-
ILC is presented in Section III. The proposed suboptimal
second-order ILC is presented in Section IV. A numerical
example, illustrating the performance of the proposed algo-
rithm, is included in Section V.

II. PROBLEM FORMULATION

The system considered (similar to [11]-[14]) is a discrete-
time-varying linear system described by the following dif-
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ference equation

z(t+1,k) = AWzt k) + Bt)u(t, k) + w(t, k)
y(t,k) = C()x(t k) +o(t, k) ()
where t € [0,n], z(t,k) € R™,u(t, k) € R, w(t, k) €
R™ y(t, k) € R™, and v(t, k) € R™.
(A1) Relative Degree Assumptions: Assume that for all ¢t €
[0,7], and 1, > 1

Hg—1—1

Il AG+u,—5)|Bt+i)=0. ()

j=1

C&(t+iuq)

with 1 <@ < p,—1,and 1 < ¢ < m, and where Hg:
I, and the m x r matrix

Colt+ ) [T Al 4+ = 9] BO)

1() =

Glt) =
Conlt + 1) [Tz At + 1, — )| B()

is either of full column rank (requires m > r) or of full row
rank (requires 7 > m). Note that if p, = 1, then C,(t +
1)B(t) # 0.

(A2) Realizable Trajectory Assumption: It is assumed that
ya(t) = [ y1,a(t) Y, a(t) ]T is a realizable desired
output trajectory. That is, for any realizable output trajectory
and an appropriate initial condition x4(0), there exists a
unique control input u,4(t) € K" generating the trajectory for
the nominal plant. That is, the following difference equation
is satisfied

l‘d(t + 1) = A(t)&?d(t) + B(t)ud(t)
ya(t) = C)za(t) 3)

Define the state and the input error vectors as dx(t, k) =
zq(t) — 2(t, k), and Su(t, k) = ug(t) — u(t, k), respectively.
Denote E, and E), to be the expectation operators with
respect to time domain, and iteration domain, respectively.

(A3) Statistical Assumptions: It is assumed that the state
disturbance w(t, k), and the measurement noise v(t, k) are
modeled as zero-mean white noise and statistically inde-
pendent. Furthermore, E(w(t,k)w(t, k)T) = Q; is positive
semi-definite matrix, E(v(t + p, k)o(t + p, k)T) = Ry,
is positive definite matrix for all k, The initial state error
0x(0,k) is a zero-mean statistically independent random
variable, and without loss of generality, the initial input
u(t,0) =0, t € [0, ny].

The learning update law under consideration is given by

u(t,k+1) = L k)u(t, k) + LM k)u(t, k — 1)
+ KOt k)e(t + p, k) (4)
KUt ket + p, k — 1)
where e(t + p, k) = [er(t + piy, k), ey €m(t + fi, k)],

LI%U(¢t k) is the (r x r) input gain matrix, K®U(¢ k) is
the (r x m) learning control gain matrix, with L (¢,0) = I,
LIU(t,0) = 0, and K!1(¢,0) = 0, ¢ € [0, n]. Furthermore,
eq(t, k) = yga(t)—y,(t, k), for 1 < g < m, is ¢*" the output

measurement error due to the control action (¢, k) ; that is,
eq(t, k) = yg,a(t) — yq(t, k).
Problem Statement: Let system (1) satisfy Assumptions
(A2)-(A3), and updating law (4) be applied. The problem
addressed in this paper consists of finding the optimal values
of LIt k), LI (t, k), KIO(t, k), and K[(¢, k) such that
the trace of the input error covariance matrix is minimized.
The results are presented in Section III. Furthermore, another
issue addressed in this paper is the development of an
algorithm for finding the "suboptimal” values of Ll(¢, k),
LM (t, k), KOt k), and K(¢t, k) for a class of nonlinear
systems (21). The suboptimal algorithm is presented in
Section IV.

In what follows, we denote the matrix norm || M| = || M|,
(I-2 norm).

ITII. OPTIMAL SECOND-ORDER ILC

In this section, we develop the optimal values of LI (¢, k),
LMt k), KOt k), and K!M(¢, k), which minimize the
trace of the input error covariance matrix.

In what follows, we derive an expression for the input
error covariance matrix. Iterating in the time domain the state
variable of (1) from ¢ to ¢t + p,, with u,. being ant positive
integer, we get

ot + pr, k) = Alea(t, k)

pe—1

+ Z Aurl i

9L A(t+f—j) with [[5Z;(.) £ I. Tt follows
output for 1 < ¢ < m can be expressed as
Yot + g, k) = CoApta(t, k) + CyALr B (t)u(t, k)
Hg—1

+Cy Y AT T w(t i k) + o(t 4 pg, k)

B(t+i)u(t+i,k)+w(t+1i,k)]

where Ag £
that the q
1

where C, £ Cy(t + p,). Similarly, an expression for
Yq,a(t + p,) can be derived. Consequently, the ¢*" output
measurement error is given by

eq = CoApi 5 (t k) — vg(t + 1y, k)

Hg—1

-C, ZA“q ey

eq = eq(t + p1y, k). It follows that the input error associated
with (4)
Su(t, k+ 1) = LIV, k)ou(t, k) — LIt k)ug(t)
~ K (t, k) [G(t)ou(t, k) + Vi] + ua(t)
Wt k)ou(t, k — 1) — LAt k)uq(t)
KW(t, k) [G(t)ou(t,k — 1) 4+ V1]

+C AL B (1) Su(t, k) t+i,k)

Vi 2 F(t)éx(t,k)+ﬁilwf1:(t)w(t+i k)+v(t+,u,k)}

and the rows of W;(t) £ [{C’ Aff] } F(t) = {C Aﬁf}
and G(t) = {C; AL '}, 1 < j <m.v(t+p k) 2 [or(t+
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ps k) oy U (t + gy, k)]T and with the condition that if
py < T £ maxi <g<m(f,), then the q'" row of W;(t), for
Hg < © < I, is zero.
Su(t,k +1) = [LW (t,k) — K19, k)G(t)} Sult, k)
+ [L[” (t,k) — K|
+ [I — IO, k) — L, k)} wa(t)
— KO, k)Vi, — KM (t, k)Viy

e, k)G(t)} Su(t, k — 1)

Let the input error and the state error covariance matrices
be defined as P, ) = E[0u(t, k)ou(t, k)T, and Py p) =
E[§z(t, k)ox(t, k)], respectively.

Notations. For compactness, the argument ¢ is
dropped as follows: LECO’H £ pogg), KM 2
K[O’l](tvk)v F 2 F(t) = G(t), Wz £ I/Vi(t)a
et A ot k) - KO RG], Ay 2
[ — LIt k) — LU, K)], Puy 2 Blua(t)ua)’], Pra
£ Edu(t,k)uat)’], Prr-1 3 E[6u(t, k)su(t,k — 1)T],
Skx—1 = EWVVE,] = FE[§z(t,k)éz(t,k — 1)T|FT,
and Sk = E[Vka] = FE[sx(t, k)dx(t,k)T]FT +
Z ' W,QwW T + Riqp.

Thus, du(t,k + 1) = [L“”_ [OIG} Sult,k) +

{LE] - K,E”G] Su(t,k — 1) + {1 Lo L“]} uat) —
K IEO] Vi — K l[cl]Vk,l. It follows that

Pera = [ = KPG| Poa+ [ = K[G] Pera
+[1- L - )] P, )
Pu(t,k+l) £ E[(Su(t7 k+ 1)(5'&(15, k+ 1)T]

- (LLO] — K,EO]G) Py i (LLU] - KIEO]G)T

T
+ (2 = KG) Py iy (2 - K'G)

+ -1 - LL”] Py, [1= 1)~ L}!] !

+Kg, (K[O ) +KWYS, (K,L”)T

+ (2 = KY'G) Pegoa (I K,L”G)T
(- kfla) Bl (1) - w6)
+ (1 - K )Pkd(I—LL}—LQ])T
[I Lo ] Pl (L[O] K,EO]G)T

+ (LL” —KL]G) Peota (I_L[O] _LLI])T

+ -2 - L P (2] - ”G)

T
+K;£.O]Sk,k—1 (K;[cl]) + K;[cl]siqu (Kz[co]>

Expanding and rearranging the "square" terms, we obtain
T
(1)
T
K [GPanG + 5] (K) @

T
KL [GPy i1 GT + Sia] (K1)
+Tk + Y7

T
Pueisy = Pus+L0% (LLO]) + LY

where £ Pu(t,k) + Pu,;, — Pk,d — ij:d’ and

Ti 2 LY Puiy (KL G = LIPy iy (K G)T
~p,, — P, +LOp,, (LT
+ L) P (L )T = LY Pg—a (KG)T
—LPr (KPG) + KGR (K G)T
+L0P, g — L0 P o (LT + KOG Py o (LT
+KGP (LT - PL(KP )T + L Py
~L Py a( LT + K GP o (L))
+EMNGP (LT - PL (K G)T
+ K S o1 (KT

Theorem 1. Let system (1) satisfy Assumptions (A2) and

(A3) and the updating law presented by (4) be applied.
The optimal L% (¢, k), LIU(¢, k), K(t, k), and K[U(¢, k),
which minimize the trace of the input error covariance matrix
for all k and ¢ € [0,n,], are given by

LMt k) =
K =

0, KU(t, k) =0, LVt k) = T
-1
Pyt G [GPy,1yGT + Sk 7

In addition, the recursive algorithm for the input error
covariance matrix is given by

Py psry = (I — KYG)P, Ptk (®)

Proof. We differentiate the trace of P, 141), in (6), with
respect to LE)], LE], K ]LO] and K ,[:] and set each to zero.

O(trace(P, ’
(trace( (t,k+1))) _ 2L[O]Qk _ 2H,f[ h 0 )
o] k
oL,
where HQM £ %%{w, where Q@ € {L, K} and
S {07 1} k
H;fm] _ K][CO]GPu(t,k) + P, - LE@”PM = L%]P;z:kfl
+I1GPl = Pl LY P~ KPP
+L Pecra — K GPio1 g
O(trace(P,
(trace( Pyt k11))) _ 2L£€1]§21€_1 _ QHkL[lJ =0 (10)

oLl
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[1]
H} = K][gl]GPu(t,k—l) + Py, — Lg)]Pud - LLO]Pk,k—l
+ K GP 1 — PLy g+ LY Pg — K GPg
+LPr - KGP 4

O(trace( Pyt k+1)))
oK)
_QHIf[O] = 0

= 2K [GP,11)GT + Si]

(11)

BEY = P GT + LUPT, 6T - K[VGPL, 6T
~L'pr,a” - Pl GT + PLLGT - KUST,

O(trace(P, u(t, k+1)))
oK
72HK[1 = 0

= 2K [GPy-1)GT + Sk (R)

H]g([ll _ L[l]Pu(t o 1)GT + L[O]Pk . 1GT
,K[O]ka e 1GT 1]PT N dGT
“LVPT L G+ B GT - KPSk

In the following, EquatiOns (9)-(12) are substituted in (6).

Pursty = Pug+HE (LT +HE (LT

+H’g{[0] (K][CO )T + H}g{ (K]E;I])T + T]{; n T{

After cancelling all zero terms, the above equation becomes

Pugisr) = (I—LE]—L”)P +(L” K”G)Pkd
(13) —

+ (L[,j] ~ Kl ]G) Pi 14

Comparing (13) with (5), we find Py g = Pyqx). Thus,
Equations (9)-(12) become

0 = LY [Py, — P = [(I - L)) (Pu, — Pra)
+ (o)) = KYG) (Pera— PL)] (4)
0 = LMP, —P1d-[I-L (P, - P
i [Pug — Pe—1,a] — [( e ) (Pug — Pr1.4)
+ (L = K6 (P = Ps-)) (1)
0 = K [GP1G" + 5] - [(I - L) P uGT
+ (LE] - Kl[cl]G) Pl GT = KISTL1)06)

KL [GPer,aGT + Spa] = [(T= L) Py aG”

+ ( Lo K[O]G) Py p1GT — K,EO]Sk,k—l] (17)
Next, we show that
L+l = rand LY = kUG (18)

and Py 4 = Py _1. Since u(t,0) = 0, then Pyq = P,
For k = 0, Il = o, K” =0, or L = K[”G
and Ll = I, Py = (Lg"] K([]O]G) P,, = Pi4. By
an induction argument, we assume that LLO] + LE] =1,
LE] = K]E]G and Py q = Py -1 and show these are true
for k+1. Since Py g = Py (1,1 and Py 1) is symmetric then
Py = P;z:k_l-
(2 -

— (1 - K6 P

Py = (LES] - KIEO]G) Pra +
+(1-L - ") P

Note that (13) implies

1
K{'G) PL,

Piira= (Lg” - K,EF”G) Pra (19)
Consequently, Py1,1 = Pi1,4. Note that
1 0]
0 = Ll [Pu,— Pod = [(I = Li})) (Pu, — Pra)

+ (Lﬂl - Kl[g-lG> (Pit1,a — Pryip)]

or (I = Lily, ~ L) (Pu, — Pia) = 0. Note P,,, — Pig =
E[ (t, k)ud] is nonsingular for £ > 1. Consequently,
L[ l o+ lM 1 = 1. Next consider

k+1 k+
L [P, = Poral — (1= L) (P,
(Lﬂl - KELG) (Pra = Piy1 )]

or ( Ll]ﬂ - KIELG) %Pk,d - P,;‘FJFL;C) = 0. Similarly, since

0 = — Pry1,q)

Pea — Pl = E|[(0u(t,k)u(t,k+1)"] is nonsingu-
lar, then LEL = K ,[:J]FIG. Next, we derive a useful ex-

pression relating K, 1 and K; i, Equation (16) reduces to
(Ll - KG) PraGT = —K,L” ST — KIS, Equa-
tion (17)

— (1= K6 Poa.aG” + K180
— (L[O] K[U]G) . dGT + K;LO]Sk,k—l =0
Making use of — (LLO] — K,[CO] G) P aGT = *Kz[cll Str—1—

K"S, then —KST, | — KUS, + K'Si1 +
KI[CO]S]QJC,1 = 0, or

Kl[cl] (Sk-1—Sip1) = Kko] (Sk — Skk—1)

Finally, we show that the gain values presented in (7),

(20)

that is, L = 0, K[! = 0, L = I, and K"
P11y GT [GPy1nGT +Sk]_1, along with the fact that
(ust shown) Py 4 = P,y = Pir—1, are consistent

with the condition given in (18) and solve all the optimal
conditions presented in Equations (14?-(17). We only col-
laborate the condition of (17). For K U= 0, (20) implies
that K [O]S = K ]Sk k—1- Consequently, (17) reduces to
g K[O]G) Pkk 1GT - K][CO]S = 0. Since Pu(t,k) =

% k—1, then the above equation or (17) can be written as
K,[CO] (GPyt1)GT + Sk) = PuG"'. The rest, that is,
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condition given in (18) and the optimal conditions presented
in Equations (14)-(16), are readily satisfied.H

Remark 1. The optimality presented in Theorem 1 indicates
that the second-order ILC depends only on the control
information generated from the previous iteration. Since
the information from two previous iterations is not needed,
then the control information generated from all previous m
iterations, with m > 2, are also not needed. In general, an
optimal higher-order ILC algorithm is nothing but an optimal
first-order ILC algorithm.

Theorem 2. Let system (1) satisfy Assumptions (A1)-(A3),
and the updating law presented by (4), (7) and (8) be applied.
Then the boundedness of all trajectories is guaranteed for all
k and t € [0,n;]. Furthermore, If G is a full column rank
matrix for ¢ € [0,n], then there exists a positive constant
csu such that ||ou(t, k)||* < S and limg o du(t, k) = 0.
In addition, if ||52(0, k)||* < C‘Sfo for all & and w(t, k) =0,
then there exists a positive constant cs, such that

162(, k)| < CZI and  lim da(t, k) = 0

and the output error converges to zero at a rate inversely
proportional to /k.

On the other hand, if G is a full row rank matrix for all
k and t € [0,n], w(t, k) = 0, and there exists a positive
constant c,o such that [|z(0,k + 1) — z(0,k)|| < &2, then
there exist positive constants ¢y, and ¢, such that

otk + 1) = a(t, k)| < 7

163 (¢ + p, k)|* < %’ and lim 9(t + p1, k) = 0
where where the output error 8¢, (-, k) £ Cy(-)za(") —
z(, k) withl<g<m.l

Proof. The proof follows similar arguments that are presented
in [14], thus, omitted.

Remark 2. A suboptimal recursive algorithm, presented in
[14], is based on unknown system dynamics and unknown
disturbance statistics. The robustness and convergence is
shown to possess similar characteristics to the ones of the
optimal recursive algorithm summarized in Theorem 2 of this
manuscript.

IV. SUBOPTIMAL SECOND-ORDER ILC

The proposed optimal ILC algorithm requires knowledge
of system dynamics and disturbance statistics. In the case
of unknown system dynamics and disturbance statistics,
the optimality theory cannot be achieved. In this section,
a suboptimal second-order ILC is proposed for a class
of nonlinear systems. We consider the class of discrete-
time affine nonlinear systems described by the following
difference equation

z(t+1,k) =
y(t, k) =

fz(t, k) + B(x(t, k))u(t, k)
g(z(t, k) +v(t, k) 21

The descriptions of the above system is similar to the ones
considered in [5] except for f(.), B(.) and g(.) can grow

as fast as any polynomial with arbitrary order (Lipschitz
condition is not required), and the m x r matrix

awg1 o [ [f(2) + B(z)u]
G(z) = :

2 g frn [f() + Bla)u]

is either of full column rank (requires m > r) or of full row
rank (requires m < 7).

The proposed suboptimal algorithm is partially motivated
by the optimal theory presented in the previous section, in
particular, Equations (14), (18), (19) and (20). Although,
we drop the argument ¢ for compact presentation, in what
follows, the proposed gains are generally time varying. In
the following a recursive algorithm is presented to update

the gain matrices L[O] ! [O], and K, K , in (4), which

correspond to L[l (¢, k’ Iﬁ] (t, k), KOl(t, l<:) and KU(t k),
respectively.

K = TP Gy B.GT + 5;) ! 22)

Pon = (I - EGu) P KL = K, 03

1 1 0 1
L =k Grand L =1 - L

where Gy 2 G(z(t,k)), L = 0, K = 0, I = I.
Furthermore, Py and Sj are symmetric and positive-definite
matrices. The convergence characteristics of the proposed
algorithm are only illustrated in the following example and

compared with other ILC algorithms.

24)

V. NUMERICAL EXAMPLE

In this example, three different ILC algorithms are applied
to the same example considered in [5], where performance
of the algorithms are compared. The ILC algorithms under
examination are:

1) The first-order suboptimal ILC algorithm presented in

[14], denoted by ILC1, where the recursive update of
the learning gain is given by

K, = (25)

(26)

]Skéz ékﬁkéz + gk] -
Pen = (I-KiGy)P;
2) The proposed second-order ILC algorithm given by
(4), and (22)-(24), denoted by ILC2.

3) The second-order ILC algorithm presented in [5],
denoted by ILC3.

The same nonlinear discrete-time system, with relative
degree four, presented in [5], is considered. The system is
described by the following difference equation

z1(t+1,k) = 0.5sin(xa(t, k))
+(1 4 0.5cos(z1(t, k))u(t, k)
xj+1(t+17k) xj(tak)a jE {13253}
y(t>k) = $4(t:k) +’U(t,]{7)

The desired output is given by y4(t) = t(1 — t/96)/96, for
0 <t < 100. The measurement error v(¢, k) is zero-mean
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white Gaussian noise with standard deviation o, = 0.05.
The initial state variables are given by z;(0,k) = yq(4 —
J)+dxzo/k, where dz is a zero-mean white Gaussian noise
with standard deviation = 0.1.

The learning gains, as employed in [5], are ®y(t) =
0.8 x 0.95[1+0.5 cos(xl(t,k))rl and ®;_(t) = 0.2 x
0.95[1 + 0.5cos(z1(t,k —1))]” and the gains that multi-
plies u(t, k) and u(t,k — 1) are 0.8 and 0.2, respectively.
For consistency, the parameters used for the used in (25)
and (26), and for the proposed algorithm presented in (22)-
(24) are: Gi(t ) = [1+05005(z1(t k)] /0.95, Py = 1
for all ¢, and Sy, = 02 + 1/ k The time average of the
matrices, Lko , L[l] KTO] (= ) and Pk, employed in
the proposed algorlthm (ILCZ) are shown in Figure 1. As

expected limy_, o HEECO} H =1 where as limy_. || Mk|| = 0,

M e {L K B,
[5] is given by Jir = maxs<i<ioo |[Ya(t) — z4(t, k)|. The
performance of the three algorithms is summarized in Figure
2. It can be noted that ILC1 and ILC2 outperforms ILC3.
Furthermore, unlike ILC3, ILC1 and ILC2 drive the output
error to zero. The maximum absolute output error, Ji, de-
crease two orders of magnitude in three decades of learning
iterations. It is also worth noting that J; (corresponding to
ILC1 and ILC2) becomes less than the output measurement
errors standard deviation for all £ > 10. Although the overall
performance of ILC1 and ILC2 are compatible, it can be
noted that ILC1 results in smaller tracking errors for & < 12.

. The performance index used in

VI. CONCLUSION

This paper addressed the optimality of HO-ILC in the
sense of minimizing the control error covariance matrix in
the presence of measurement noise. It was shown that if
the present control action exploits optimally or suboptimally
the past control information in every iterative cycle, then
HO-ILC algorithms are not needed for linear discrete-time
varying systems with different relative degree. Furthermore,
a suboptimal second-order ILC was proposed for a class of
nonlinear systems. Based on a numerical example, it was
shown that a compatible suboptimal first-order ILC resulted
in better performance than the proposed suboptimal second-
order ILC algorithm.
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