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Abstract:

Knowledge learning techniques are playing an increasingly important role
in control systems which leads to an active area of research — iterative learn-
ing control systems. This chapter focuses on the iterative learning control for
discrete-time nonlinear systems. Two learning schemes are presented. In the
first learning scheme, an explicit feedback-feedforward configuration for a class
of uncertain discrete-time nonlinear systems is considered. A high-order ILC
updating law is used as a feedforward controller which includes tracking errors
in more than one previous iterations. It is shown that both the feedback and
the high-order schemes can speed up learning convergence. Robust convergence
conditions for the proposed learning control method are established. The second
learning scheme considers the insufficient measurement problem encountered in
many real control applications such as Rapid Thermal Processing (RTP). It may
happen that only the terminal output tracking error instead of the whole output
trajectory tracking error is available. The control profile for the next operation
cycle has to be updated using the terminal tracking error alone. A revised ILC
method is then proposed to address this terminal output tracking problem by
parameterizing the control profile with a piecewise continuous functional basis.
The control parameters are then updated by a high-order updating scheme. A
convergence condition is obtained for a class of uncertain discrete-time time-
varying linear systems including the RTPCVD system as the subset. Simulation
results are presented to demonstrate the effectiveness of both learning schemes.
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1.1 INTRODUCTION

Generally speaking, knowledge used for control can be learned in two ways. A
fuzzy control rule base is essentially learned by our human beings - either a
skilled operator or an experienced expert. The more objective way of acquir-
ing knowledge for control is to learning analytically through patterns (neural
network) or through repetitons (iterative learning control). In this chapter,
we will concentrate on iterative learning control (ILC) techniques for uncertain
discrete-time systems. Here, learning plays a role as a bridge between knowl-
edge and experience. The lack of system modelling knowledge is bridged by the
experience acquired iteratively through control repetitions.

In this chapter, learning is the process of achieving a desired result by experi-
ence when only partial knowledge about the system to be controlled is available.
Roughly speaking, the purpose of introducing the ILC is to utilize the system
repetitions as experience to improve the system control performance even with
incomplete system modelling. It differs from most existing control methods in
the sense that, it exploits every possibility to incorporate past control informa-
tion, such as tracking errors and control input signals, into the construction of
the present control action. There are two phases in Iterative Learning Control:
first the long term memory components are used to store past control infor-
mation, then the stored control information is fused in a certain manner so
as to ensure that the system meets control specifications such as convergence,
robustness, etc. It is worth pointing out that, those control specifications may
not be easily satisfied by other control methods as they require more prior
knowledge of the process in the stage of the controller design. ILC requires
much less information of the system variations to yield the desired dynamic
behaviors.

‘Iterative learning control’ (ILC) was proposed by Arimoto and his asso-
ciates [1] for improving system control with repetitions. Since early eighties,
increasing attention has been drawn from the control community. On one hand,
substantial work has been conducted and reported in the core area of develop-
ing and analyzing new ILC algorithms. On the other hand, researchers have
realized that integration of ILC with other control techniques may give rise to
better controllers that exhibit desired performance which is impossible by any
individual approach. Integration of adaptive, robust or other learning tech-
niques into ILC for various control problems has been frequently reported to
remove usual requirements on conventional ILC algorithms. These can be ob-
served from the latest book [3] and the dedicated ILC web server [4]. Detailed
literature review on ILC research can be found in [5; 6].

To implement the ILC algorithm, a discrete-time form of the ILC algorithm
and its theoretical analysis are more important. This is because ILC is es-
sentially a memory based scheme where the past control signals and tracking
errors are to be stored for later use. Therefore, a computer controller is indis-
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pensable. A lot of results were obtained for the linear discrete-time systems
by using 2-D system theory [7; 8; 9], by including a parameter estimator [10],
by applying the approximated impulse sequence [11; 12] and by Taylor series
expansion [13]. This chapter thus focuses on the iterative learning control of
discrete-time systems. Two learning schemes are presented. Firstly, a high-
order ILC updating law is proposed to include tracking errors in more than
one previous iterations. An explicit feedback-feedforward configuration for a
class of uncertain discrete-time nonlinear systems is considered. It is shown
that both the feedback control and the high-order scheme help speed up learn-
ing convergence. Simulation results of a single link robotic manipulator are
presented to illustrate the effectiveness of the proposed scheme. Secondly, a
terminal iterative learning control scheme is developed to deal with the in-
sufficient measurement problem in real control engineering in which only the
terminal output tracking error instead of the whole output trajectory track-
ing error is available. In the rapid thermal processing (RTP) chemical vapor
deposition (CVD) of wafer fab. industry, the ultimate control objective is to
control the deposition thickness (DT) at the end of the RTP cycle. The control
profile for the next operation cycle has to be updated using the terminal DT
tracking error alone. That is, the DT is measured only at the end of the RTP
cycle. Terminal ILC method caters well to this kind of terminal output track-
ing problem. By parameterizing the control profile with a piecewise continuous
functional basis, the control parameters are updated by a high-order updating
scheme. A convergence condition is obtained for a class of uncertain discrete-
time time-varying linear systems including the RTPCVD system as the subset.
Simulation results for an RTPCVD thickness control problem are presented to
demonstrate the effectiveness of the proposed iterative learning scheme.

The organization of this chapter is as follows: In Sec. 1.2, a class of uncer-
tain discrete-time nonlinear systems are considered in a feedback-feedforward
configuration where feedback controller is given in a general form and ILC is
applied as the feedforward control using high-order updating law. Sec. 1.3 con-
siders the terminal iterative learning control problem with an application for
RTPCVD (rapid thermal processing chemical vapour deposition) application.
Finally, some concluding remarks are presented in Sec. 1.4.

The norms used in this chapter are defined as

ol = max o,
n

el = max O 195 ) (1)
J:

where 0 = [01, -+, 0,7 is a vector, G = [¢; jlmxn is @ matrix.
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1.2 HIGH-ORDER DISCRETE-TIME LEARNING CONTROL FOR
UNCERTAIN DISCRETE-TIME NONLINEAR SYSTEMS WITH
FEEDBACK

From the robust analysis in [14], it is clear that if the trajectories of each
iterations can be adjusted inside the neighborhood of the desired ones, the ILC
performance will be better. This can be achieved by introducing a feedback
loop. Then the system considered is controlled by an ILC feedforward controller
and a feedback controller simultaneously.

1.2.1 Basic Idea of High-order ILC

Uncertain discrete-time nonlinear systems are considered with a high-order
learning updating scheme. The introduction of the feedback controller and the
high-order scheme is mainly for the ILC performance improvements both in
the time t-direction and in the ILC iteration number i-direction. The high-
order ILC scheme, first proposed in [15], is actually for the improvement of the
transient learning behavior along the learning iteration number ¢-direction as
explained in [16]. In fact, more attentions should be paid to this i-direction
because the tracking task is done only on a finite time interval repeatedly. If
we look at the conventional ILC updating law [1]

uit1(t) = ui(t) +Té;(t)

for the control of the dynamics along the ILC iteration number i-direction, it
is obviously a pure integral controller. Suppose the initial control ug(t) = 0,
then

win () =T 3650
j=0

which is in an integral (I) controller form in the i-direction. If we use the PI
controller in the i-direction

’U,H_l(t) = kpez(t) +kr Zéj(t)a
j=0

the ILC updating law takes the form that
’U,H_l(t) = U; (t) + I‘ez (t) + Fléi_l(t)

where I' = kp + k; and I'y = —kp. By using the difference é;(t) — é;—1(t) as
the approximation of the derivative along the i-direction, the PID controller in
t-direction
i
Uit1 (t) = kpez(t) + k[ Z éj (t) + kD(ez(t) - éi_l(t))
j=0
will result in the following form of the ILC updating law

Uit1 (t) = Uz(t) + F€¢(t) + Fléi_l(t) + FQéi_Q(t).
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where I' = kp + ky + kp, I'1 = —kp — 2kp and I's = kp. This is a high-order
iterative learning controller. The above arguments indicate that the high-order
ILC is capable of giving better ILC performance than the traditional first-order
case where only an integral controller is actually used.

1.2.2 Problem Formulation

Consider the following discrete-time uncertain nonlinear time-varying system
which performs a given task repeatedly.

{ 2i(t +1) = F(i(0),1) + Blai(t), huilt) + wi(?) 12)
yilt) = C(O)zi(t) +vi(t) '

where i denotes the i-th repetitive operation of the system; ¢ is the discrete time
index and ¢ € [0, N] which means that ¢t € {0,1,---,N}; x;(¢t) € R", wu(t) €
R™, and y;(t) € R" are the state, control input, and output of the system,
respectively; C(t) € R™*" is a time-varying matrix; the functions f(-,-) : R" x
[0, N] = R™ and B(:,-) : R™ x [0, N] — R™ are uniformly globally Lipschitzian
in z, i.e.,Vt € [0, N],Vi,3 constants k¢, kg, such that

1AL < kgllAzi (@), NABi(®)]] < kpllAzi@)]]

A A

where Af;(t) = f(zi(t),t) — f(zi-1(t),t), AB;(t) = B(xi(t),t) — B(zi-1(t),1),
Aux;(t) 2 xi(t) — w;—1(t); w;(t), v;(t) are the system’s uncertainties or distur-
bances which are bounded with unknown bounds b, b, defined as

2 2

bw = sup [lwi(t)ll, bu= sup [oi(t)]l, Vi. (1.3)

te[0,N] te[0,N]

Denote the output tracking error e;(t) 2 yq(t) — yi(t) where yq4(t) is the given
desired output trajectory, which is realizable, i.e., given a bounded yq4(t), there
exists a unique bounded desired input u4(t), t € [0, N] such that when u(t) =
uq(t), the system has a unique bounded desired state z4(¢) satisfying

) + B(a(t), ua(t) 2 f4 + Baug
C(t)ﬂ?d.

~—

(1.4)

>

{ zq(t +1) = f(zalt
ya(t) = C(t)zq(t)

Denote the bound of the desired control ug as by, 2 supyeqo, N llwa(t)|l-

The problem is formulated as follows. Starting from an arbitrary continuous
initial control input ug(t), obtain the next control input u;(¢) and the subse-
quent series {u;(t) | ¢ = 2,3,---} for system (1.2) by using a proper learning
control updating law in such a way that when ¢ — oo, y;(t) = ya4(t) £ * in the
presence of bounded uncertainty, disturbance and re-initialization error. €* is
the tracking error bound.



To solve the above problem, we propose the feedback-assisted high-order
iterative learning controller as follows. At the i-th ILC iteration, the control
input u,(t) to the system (1.2) is the output of a satuator, i.e.,

ui(t) = sat(ui(t)) (1.5)

sat(i, (t)) 2 { ] (1.6)
J

where j = 1,2,---,m and @ > 0 are the satuation bounds which may be
selected in accordance with actuator limitations. The introduction of input
satuators here is to show that the ILC is also effective in such realistic cases as

argued in [17]. The satuator input is that

ai(t) = u! (1) + ul(1) (L.7)

where u{ (t) is from the feedforward iterative learning controller and u(t) is

from the feedback stabilizing controller. The feedback stabilizing controller is
assumed to be in the following general form

zit+1) = ha(2(1) + Hy(2i(t))ei(?), (1.8)

ub(t) = he(zi(t) + Ha(zi(t))ei(t) (1.9)
where z;(t) € R™ is the state of the feedback stabilizing controller with z;(0) =
0, Vi. The vector-valued functions h,(-) : R™ ~ R™ and h.(-) : R" — R™
are designed to be sector-bounded as

ha(zi I < b, llzi (D], Nhe(zi (@) < ballzi(D)]]-

The function matrices Hy(-) : R +— R"*" and Hy4(-) : R" — R™*" are
designed to be with uniform bounds, i.e., Vt € [0, N],Vz;(t) € R",

1 Hy (z:(0)I| < bm,» [[Ha(z:(0)]] < br,-

8
9

The by, ,bn.,bH,,br, above are positive constants which are not necessarily
known. A simple ILC updating law is used which includes tracking errors of
M previous iterations, i.e.,

M

ul, (8) = wi(t) + D Qr(t)eipsr (t+1) (1.10)

k=1
where M is the order of the ILC updating law with M > 1; Qx(t) € R™*"(k =
1,---, M) are the learning matrices which are to be determined to ensure the

ILC convergence.

Remark 1.2.1 Because the tracking errors of previous ILC iterations are pre-
stored in the memory and can be easily manipulated to shift the time index
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by 1, the above proposed ILC updating law (1.10) can be taken as a P-type in
the discrete-time t-direction and a PID-type in the i-direction, i.e., P-PID ILC
updating law, according to the arguments in the Introduction section. However,
from the sampled-data point of view, in the t-azxis, using the information of the
moment (t + 1) at the instant t implies a PD-type because e;(t + 1) ~ e;(t) +
Tsé;(t) where Ts is the sampling time. The scheme (1.10) is thus essentially a
PD-PID type ILC.

To restrict our discussion, the following assumptions are made.
A1l). The initialization error is bounded as follows, V¢ € [0, N], Vi, ||z4(0) —
25(0) ]| < beo, [19a(0) = :(0)| < bebey + by, where bo = sup,ejo.n [IC®)]]
A2). Matrix C(:)B(-,) has a full column rank Vt € [0, N], z(t) € R".

A3). Operator B(-,-) is bounded, i.e., 3 a constant bp such that for all i,
N
supsefo,n) [[1B(@i(), Dl = supsejo,ny 1 Bi(t)]| < bs.

A4). The desired output yq(t),t € [0, N] is achievable by the desired input ugq(t)
which is inside the satuation bounds, i.e., uq(t) = sat(uq(t)), vt € [0, N].

Assumption Al) restricts that the initial states or the initial outputs in each
repetitive operation should be inside a given ball centered at the desired initial
ones. The radius of the ball may be unknown. The number of outputs r can
be greater than or equal to the number of inputs m according to A2). A3) says
that the range of operator B(-, -) is always finite. This is reasonable because the
repetitive tasks are performed in a finite time interval [0, NTs]. A4) requires
that the desired trajectory should be planned in such a way that those large
and sudden changes, which the system can not follow, should be excluded from
the desired trajectories.

To analyze the robust convergence property of the proposed feedback-assisted
high-order ILC algorithm, the following A—norm is introduced for a discrete-
time vector h(t),t =0,1,---, N.

ol

A e
A= sup € )‘t||h(t)|| (1.11)
t€[0,N]

where A > 0 when é > 1 or A < 0 when é € (0,1). The positive constant é will
be specified later. It should be pointed out that the A—norm used in this section
is equivalent to the infinity-norm [18] because ||h(*)||x < [|h()]|oo < ||R()||2EMY,

where the infinity-norm [|A(t)l|oc = sup,epon IA(E)]-

To facilitate the later derivations, some basic relations are presented in the
following. The main purpose is to explore the relationship between (||dz;(t)||x+

lz4()l1x) and [l6uf ()]l where 5! (8) 2 wa(t) — ul (8), Si(t) 2 walt) — z:(0)
Denote du;(t) 2 ug(t) — u;(t).



First, it’s an easy exercise to verify the following recursive formula.

;

_ _ - 1= i _

Ziy1 = 1% +axZ + a3 = a5 + E ay 7 (axZz] + a3)
7=0

(1.12)

where {z;,2} | i =0,1,---} are two series and related to each other by coeffi-

cients ai, as,as.
Denote

5fi(t) £ fa— f(x:(t),t), SBi(t) 2 Ba— Bi(t).

Then, from (1.2) and (1.4), it can be obtained that
dxi(t + 1) = 0 fi(t) + 0Bi(t)uq + B;(t)ou;(t) — wy(t).
Taking the norm for (1.13) yields
l0z:(t + DIl < (kg + buykp)l[0zi ()] + bpl[6wi(®)]| + bu.

From (1.9), it can be seen that

[uf (O] < b Nzi(O) + ba,belldwi ()] + br, b

By noticing that ug(t) = sat(uq(t)) and that

I6ui)ll = Jlua(t) —sat(uf () +uf@®)]
< llduf (0) = wt @) < ll5uf Ol + [a? @,

then, (1.14) becomes

ozt + 1) < (kf + buskp + bebr,bo)||6x:(1)]|
+bpbn, |1z (0)]] + bsl|ou! (t)]] + bebi,by + be.

On the other hand, it can be observed from (1.8) that
[12:( + DI < bn, Nl2i(@)]| + ba, be |0z (8)]] + b, b,
thus, adding (1.18) into (1.17) yields

10z (¢ + D)l + llza(t + D) < e(lloxi@)|| + [|z:(E)]])
+bgl|oul (t)] + &

where

max{ks + by kB + bebH,bc + ba,bc, b, + 08Dy} # 1;
(be + bBbHd)bv + by -

(1.13)

(1.14)

(1.15)

(1.16)

(1.17)

(1.18)

(1.19)
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Applying (1.12), we can get

t
1623 (¢ + || + [[2i(t + DI < e by + > e (bplloul ()| +6).  (1.20)
7j=0

To see a simpler relationship between ||dz;(¢)||x + ||z:(¢)|[» and ||6u{(t)||)\, by
noticing the following facts that

" |lc|lx =| ¢, Ve € R;
V[ A[>1, supieo,n ==t — 1.
n Vt, € [0,N1],t2 € [O,NQ], if 0 < Ny < Ny < N, then ||5h(t1)||)\ <

ll6h(t2)]]x;
then, taking the A—norm (| A |[> 1) operation of (1.20) gives
12slls + 126Ollx < bay + 5200 A Dol (B)lx + 06 (121)
where
1— éf()\fl)N A éf()\fl)t 1— éft)
OAfléf;CZSUP =
(NG @2 s Sy

For brevity of our discussion, in the sequel, the following notations are used.

JAN
ka = Sup ||Q/€(t)||ﬂ (k: 1727"'7M);
t€[0,N]

A .
p1= sup |[Im — Q1()C(t + 1)Bi(t)l, Vi,
t€[0,N]

pr E sup |Qk(B)CE+ 1)Bi g ()], Vi, (k=2,3,---,M).
t€[0,N]

1.2.3 Robust Convergence
A main result is presented in the following theorem.

Theorem 1.2.1 For the repetitive discrete-time uncertain time-varying non-
linear systemn (1.2) under assumptions A1)-A4), given the realizable desired
trajectory yq(t) over the fized time interval [0, NT], by using the ILC updating
law (1.10) and the feedback controller (1.8)-(1.9), if the condition

M
A
p=D m <l (1.22)
k=1

is satisfied, then the A\-norm of the tracking errors e;(t), du;(t), dz;(t) are
bounded for all i. For a sufficiently large | \ |, ¥t € [0, N],

bur 2 Jim [|6u] ()l]x < bus (bus bu- o), (1.23)
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bu = lim [|6i()|[x < bu(bag, b, by), (1.24)
71— 00
be £ lim [[3i(t)1x < bey + 5O A~ bus + o, (1.25)
(3 o
be 2 Tim [les(t)]lx < bebe + by (1.26)
71— 00
Moreover, by, b,,be will all converge uniformly to zero for t = 0,1,---, N as

1 — 00 in the absence of uncertainty, disturbance and initialization error, i.e.,
bw, by, by, — 0.

Theorem 1.2.1 shows that the uniform boundedness of the tracking error
can be established in the presence of bounded uncertainty, disturbance and the
re-initialization error even without the assistance of the feedback controller. It
is also shown that the tracking error bound is a class-K function of the bounds
of the differences of uncertainties, disturbances and the re-initialization errors
between two successive ILC iterations under some additional conditions.

Before proving Theorem 1.2.1, the following lemma [19] is needed.

Lemma 1.2.1 Suppose a real positive series {a,}5° satisfies a, < pra,—1 +
p20n_2+ -+ pnan-n +e, (n=N+1,N+2---), where p, >0, (i =
1,2,---,N), e >0 and p= Zf;l pi < 1, then the following holds:

lim a, <e/(1-p). (1.27)

n—o0

Proof: Refer to [19].
Now we proceed to prove Theorem 1.2.1.

Proof of Theorem 1.2.1:
The tracking error at (i + 1)—th repetition is

ei(t) = ya(t) —yi(t) = C(t)dwi(t) — vi(t). (1.28)

Investigating the learning control deviation at the (i 4 1)-th repetition 5uf (1)
gives

M
oul () = dui(t) =Y Qe(t)es ppa(t+1)
k:]:ul
= Sui(t) = Y Qe()C(t+ 1)dwipyr(t+1)
o k=1
+ > Qu(t)vi g1 (t +1). (1.29)

k=1
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By referring to (1.13), (1.29) can be written as

6uz+1( ) = Oduy(t) ZQk
[5fz>k+1( ) + 0B pt1(t)ug + Bi_py1()0ui—g11(2)

M
—wigp1 ()] + Y Qr(t)viciga (t+1). (1.30)
k=1

Collecting terms and then performing the norm operation for (1.30) yield
M
[Suly O <Y prllduisra ()]

M

+> bbby + bu,kp)l|0zi ki1 (1)]]
k=1
M

+> gy (bebw + by). (1.31)
k=1

Based on (1.16) and (1.15), (1.31) becomes

M
[Sul O <Y pelldul (@]

M
+ > an(l6zi ke (Bl + ziowea (D) +e. (1.32)

k=1

where ay, é maX{ka bo(kf-Fbudk'B)—FbHdbopk, bhcpk} and ¢ é Zkle[ka (bobw-F
bv) + bHdbvpk]-

By utilizing the relationship in (1.21), taking the A—norm for (1.31) gives
M
Ioul Ol <Y pelldul_ypr (Dln

M
+>arbpO(| A | lIdul ., (1)lx
k=1

M
+Zak(bz0 -I-Coé) +e. (133)
k=1

Referring to (1.22), it is clear that a sufficiently large | A | can be used to ensure
that

2

M
> (o + axbpO(| A7) 2 p< 1, (1.34)
k=1
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therefore, according to Lemma 1.2.1, we have

€o VAN
T = bw (bag bus, by (1.35)

bys = lim [[duf (t)]]5 =
11— 00

where ¢ S Zkle ap (b, + co€). From (1.28), it is easy to verify (1.25) and
(1.26). It can be observed from (1.21) that

A .
bee 2 Tim (I8zs(t)llx + 5(0]1)
< by +bO(| A | Ybys + cof. (1.36)

Therefore, from (1.16) and (1.15), by referring to (1.36), we have

be 2 lim [|0wi(t)||x < byr + max{bp.,bs,bc tbes + bir,be

1— 00

2 bu(bag, b, bo) (1.37)

which verifies (1.24). Moreover, it is easy to observe that b, by, b, and b,
will all tend to zero uniformly for t = 0,1,---, N as ¢ — oo in the absence of
uncertainty, disturbance and initialization error, i.e., when by, by, bz, — 0.

Remark 1.2.2 Consider the case that the desired trajectory varies with respect
to ILC iteration number i. Suppose the desired trajectory at the i-th iteration
is changed to ygq,(t). If

1ya; () = ya(®)l] < by,, Vie€[0,N] and Vi, (1.38)

then, all the discussions made above are all valid by replacing b, with b, + by,.

Remark 1.2.3 The proposed high-order ILC updating law (1.10) can be re-
garded as a PID-type learning controller in the i-direction where the higher or-
der terms are for a better approzimation of the D information in the i-direction.
Better ILC performance can be expected compared to traditional I-type controller
even in the absence of the feed-back controller. When a feed-back controller is
designed to better perform in the t-domain, the control system performance will
be improved along the i-domain. In other words, the transient performance
can be improved both in the i-direction and in the t-direction by the proposed
feedback-assisted high-order iterative learning controller.

The tracking errors in the ILC updating law (1.10) are shifted by one sam-
pling step, i.e., e;_g4+1(t +1). In the following Corollary, we will show that the
result of Theorem 1.2.1 still holds if tracking errors e;_g4+1(t) are included in
(1.10), i.e., when the ILC updating law

M
ul (8) = wi(t) + > [Qu(t)eipe1 (t + 1) + Qu(t)ei—ppa (t)] (1.39)
k=1
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is applied, where Q(t) are the bounded learning matrices V¢ € [0, N].

Corollary 1.2.1 The ILC convergency in Theorem 1.2.1 still holds when the
ILC updating law (1.10) is replaced by the ILC updating law (1.39).

Proof of Corollary 1.2.1: The proof is quite similar to the proof of Theorem
1.2.1. When (1.39) is considered, the following term

M M
- Z Qr(t)ei—g+1(t) + Z Qr(t)vi—pt1
k=1

k=1

should be appended in the left-hand sides of (1.29) and (1.30) based on (1.28).
Hence, we get the following inequality of the norm estimates similar to (1.31).

M
oul @I < > pellouira ()]l
k=1

M
+> [bqubo (ks + bu,ks) + bg, bellldwi—gi (1)]]
k=1
M
+ 3 [bg. (bebu + by) + b, b] (1.40)
k=1

where bg, = SUPyc(o,N] |Qx(®)||- The remaining part of the proof is the same
as the proof of Theorem 1.2.1 if we set

A
Qp = max{kabc(kf + budkB) + kabC + bHdbC’pk; bhcpk}

and

M
A
e = [bqy (bobw + by) + b, by + bagbupr],
k=1
which ends the proof.

Remark 1.2.4 It can be observed that the convergence of the discrete-time
ILC is only governed by the learning components Qy (t)e;—x+1(t+1). However,
the additional terms Qy,(t)e;_+1(t) in the ILC updating law may improve the
performance of ILC convergence. If we set Qi (t) = —Qg(t), it is obvious that
the result of Corollary 1.2.1 is a discrete analogy of the result of [17].

In the ILC updating law (1.10), only the tracking errors of previous cycles
were utilized. The control functions of previous cycles can be utilized also as
in the high-order ILC schemes [15; 16]. The general form of the high-order ILC
updating law is given as

M
ulo (1) = D [Pe®uiper () + Qr(t)eipr (t +1)
k=1

+Qk(t)ei—kr1(t)] (1.41)
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where the learning matrices Py (t) (k= 1,2,---, M) satisty
> Py(t) =In, Vte[0,N]. (1.42)

We can get a similar robust convergence result to Theorem 1.2.1.
Theorem 1.2.2 Consider the repetitive discrete-time uncertain time-varying
nonlinear system (1.2) satisfying Assumptions A1)-A4). For a given realiz-

able desired trajectory yq(t) over the fized time interval [0, NT], the iterative
learning controller (1.41) and feedback controller (1.8)-(1.9) are applied. If

= Zpk <1, (1.43)
where Vi, and k=1,2,---, M,

o 2 sup ||Pe(t) — Qr(t)C(t + 1) Bimiia (V)] (1.44)
te[0,N]

then the A\-norm of the tracking errors e;(t), 6u{(t), ou;(t), oxi(t) are all
bounded for all i. The bounds of the tracking errors are functions of by, by, by
and moreover, will all converge uniformly to zero for t = 0,1,---,N as i —

oo in the absence of uncertainty, disturbance and initialization error, i.e.,
bw, by, by, — 0.

Proof of Theorem 1.2.2: The main body of the proof is similar to the proof of
Theorem 1.2.1 where (1.29) and (1.30) should be re-written as
M
Suly (1) = wa(t) =) Pr(t)ui—gs1 (1)
k=1
M —
= [Qu)ei—k1(t + 1) + Qrlt)ei—kr(t)]
k=1
M
= uq(t) — Z Py (t)ui—g+1(t)
k=1

_ZQk 1)dz; g1 (t+1)

_|_

MseT

Qr(t)vi—gr(t +1)

=~
Il
—

M=

M
Qk(t)c( 0x; k+1 Z ’UZ k41 t) (145)

=~
Il
—
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By referring to (1.13) and (1.42), (1.45) can be written as

M M
sul () = > Pu(t)duioka(t) = Y Qu(t)C(t+1)
k=1 k=1

[0fi ke1(t) +0Bi py1(t)ug + Bi—pg1 (t)0ui_py1(t)
M

—wi—ps1 (D] + Y Qut)vicps1 (E+1)

k=1

M M
=Y Qu)C1)0zi ki1 (1) + D Qv pya (1), (1.46)
k=1 k=1

Estimating the norm yields

M
[Sul O <Y pelldui—pia ()]
k=1

M

+ Y [baube ks + bukB) + b bellldzi g (1)]]
k=1
M

+ 3 [bg, (bebu + by) + b, b). (1.47)
k=1

The remaining part of the proof is the same as the proof of Theorem 1.2.1 if
we set

A ’ 1
ap = max{kabc(kf + budkB) + kabC + bHdbcpk,bhcpk}

and

A
E =

M=

[ka (bcby + by) + ka by + bHdbvp;c]a

=~
Il
—

which ends the proof.

Remark 1.2.5 The general form of high-order ILC updating law (1.41) intro-
duces more flexibility in determining the learning matrices. This can be taken
as a form of “filtered tracking error” case as considered in [20]. However,
the increased number of design parameters will obscue the expected advantages.
Thus, from practical point of view, it is sufficient to use only dual PIDs both
in the t-direction and in the i-direction for the proposed feedback-assisted ILC,
especially taking into consideration the long-history usage of the PID controller
in industries.
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1.2.4 Reduction of Tracking Error Bound

According to Theorems 1.2.1 and 1.2.2, the control applied to the system has
been proved to be bounded at each ILC iteration. Let

bee 2 sup |lui(t)]], Vi. (1.48)
t€[0,T]

In the following we will show that under certain additional restrictions, the
tracking error bound is a function of the bounds of the differences of uncertain-
ties, disturbances and the re-initialization errors between two successive ILC
iterations even without the feedback controller, i.e., u;(t) = u? (t).

Introduce a similar A—norm definition as in (1.11) with é replaced by
A
€=ks+bykp #1. (1.49)

Denote Ah;(t) 2 hi(t) —hi—1(t), h € {u,y,w,v}. Similar to (1.13) and (1.14),
the following two inequalities can be obtained

Aiﬂi(t + ].) = Afl(t) + ABZ(t)Uz(t) + B@(t)Aul(t) + Awi(t), (150)

[Az;(t + 1| < ellAzi(£)[] + bpl|Aui(®)]| + by, (1.51)

where b, = supycpo,n [[Awi(t)[], Vi. It is also apparent by referring to (1.21)
that

1Az (D)]x < B, + 500 A [T |Au;(0)]]x + chb, (1.52)
where b, £ [|Az;(0)|], Vi, and
1— é—(/\—I)N A 'é—()\—l)t(]_ _ é—t)
OAITHE—"———— &2 sw -
(| | ) e _¢ 0 1€[0,N] 6—1

The following notations are employed.

A .
pr= sup I, = C(t+1)Bi(t)Q:1 (1)l Vi,
te[0,N]

_ A .
Pr = Ssup ||C(t+1)Bi(t)Qk(t)”1 VZ,(k:2,3,"',M),
t€[0,N]

W, 2 sup [[Avi(d)], Vi.
te[0,N]

To show that the tracking error bound is a function of the bounds of the dif-
ferences of uncertainties, disturbances and the re-initialization errors between
two successive ILC iterations even without the feedback controller, in addi-
tion to Assumptions Al) to A3), the following Assumptions Al’) and A2’) are
imposed.
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A1’). The the differences of uncertainties, disturbances and the re-initialization
errors between two successive ILC iterations are bounded with unknown
bounds denoted by b;,, b, and b}, respectively.

w?r v

A2’). Matrix C(-)B(-,-) has a full row rank V¢ € [0, N], z(t) € R"™.

According to Assumption A2’), the number of outputs r should be less than or
equal to the number of inputs m. Because A2) is still applied for a bounded
input sequence {u;(t) | i = 1,2,---}, thus the restriction here is actually that
m =r and C(-)B(:,-) is full rank.

Under these restrictions, new property of the tracking error convergence can
be explored and is presented in the following theorem.

Theorem 1.2.3 Given the realizable desired trajectory yq(t) over the fized time
interval [0, NTg], for the repetitive discrete-time uncertain time-varying non-
linear systemn (1.2) under assumptions A1)-A4), A1’) and A2’), by using the
high-order ILC updating law (1.10), the A-norm of the tracking errors e;(t) is
bounded if

M
> <l (1.53)
k=1

Moreover, the bound is a function of by, b, and b, Furthermore, the tracking

error e;(t) converges uniformly to zero fort =1,---, N asi — oo when the un-
certainties, disturbances and the re—initialization errors between two successive
ILC iterations tend to be the same, i.e., when b, b, and b}, tend to 0.

Proof of Theorem 1.2.8: The tracking error at (i + 1)—th ILC iteration can be
expressed as

eit1(t+1) = e(t+1)—Ayipa(t+1)
= ei(t + 1) - C(t + 1)A$i+1 (t + 1) — Aviyq (t + 1)(154)

Substituting (1.50) and (1.10) into (1.54) gives

eir1(t+1) = e(t+1)—C@t+1[Afir1(t) +
M
ABiy1(t)uit1(t)] - C(t +1)B Z Qr(t)eir+1(t+1) +
k=1
—C(t+ 1) Aw;y1(t) — Avig1 (t+1). (1.55)

Collecting terms and then taking the norm for (1.55) yield

M
leira(t+ DI < Y prlleirsa(t+ 1)l + boél| Aziga (2)]]
k=1
+bobl, + 0. (1.56)
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Taking the A—norm for (1.56) and using the relationship (1.52), we simply have

M
lecra(t+ Dl <Y prlleirsr(t+1)l[x +¢
k=1

M
+Zok(| A Ylleimppa (t+ 11| (1.57)

k=1

where O (| A |71) £ b, beebsO(| A |~1) and &' £ boé(l,, + chbl,) + bobl, + b,
Clearly, based on (1.53), a sufficiently large | A | can be used to ensure that

M

> ok +Or(| AT < 1, (1.58)
k=1

Therefore, according to Lemma, 1.2.1, the A-norm of tracking error is bounded
as i — oo. Referring to the definitions of ¢’ and Ok (] A |1), we observe that
the tracking error bound is a function of b, and b} . Furthermore, the
tracking error e;(t) converges uniformly to zero for t = 1,2,---,N as i = o0
when the uncertainties, disturbances and the re-initialization errors between
two successive ILC iterations tend to be the same, i.e., when by, b, and b},

w?r v
tend to 0.

Remark 1.2.6 By referring to the Corollary 1.2.1, we know the Theorem 1.2.3
still holds if the ILC updating law (1.39) is applied.

Remark 1.2.7 Consider the case that the desired trajectory varies with respect
to ILC iteration number i. Suppose the desired trajectory at the i-th iteration
is changed to yq,(t). If

||ydi+1 (t) — Ya; (t)” <Y Vt € [07 N] and Vi, (159)

Ya’

then, all the conclusions made above are valid by replacing b;, with b, + b}, .

Remark 1.2.8 It is implied in Theorem 1.2.3 that the ILC method can com-
pletely reject any repetitive components of the uncertainty or disturbance. The
uniform bound of the tracking error is dependent on the bounds of the differences
of the uncertainties and disturbances between two successive system repetitions.

Remark 1.2.9 It worth to note that the system with a direct transmission
term in output equation considered in [21] is a special case investigated in this
chapter. The major difference is that in the learning updating law [21] e;(t) is
used instead of e;(t + 1) used here.

1.2.5 Simulation Illustrations

To demonstrate the effectiveness of the proposed feedback-assisted high-order
ILC algorithm for the improvement of the ILC convergence performance, a
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Table 1.1 Parameters of the single-link manipulator

parameter | mo My l g

unit | kg kg m m/sec.
value | 2 4 05 98

single link direct joint driven manipulator model is used for the simulation
study. The dynamic equation in the continuous-time ¢’ domain is

é(t’) = %[T(tl) + 7 ()] + %(%mg + My)glsin 6(t") (1.60)
where 6(t') is the angular position of the manipulator; 7(¢') is the applied joint
torque; 7,(t') is the exogenous disturbance torque; myg, | are the mass and
length of the manipulator respectively, My is the mass of the tip load, g is the
gravitational acceleration and the J is the moment of inertia w.r.t the joint,
i.e., J = Mpl? +mpl?/3. The parameters used in this simulation study are listed
in Table 1.1. Let the sampling period Ts = 0.01 sec. One can discretize the
above model by using simple Euler method as follows:

{ l‘l(t + ].) = l‘g(t)
To(t + 1) = 2x2(t) — z1(t) + [7(t) + 10 (t) + (0.5mo + Mo)gl sin(zy (¢))]T2/J
(1.61)
where discrete time ¢t = 0,1,---,100, z1(t) = 0(t), z2(t) = 6(t+1). The desired
tracking trajectories of the tracking tasks over the time interval [0, 1] sec. are
specified as
0q4(t) =6y + (6 — 0}“)(157-61 — 6Tg — IOTOS) (1.62)

where 79 = tT,/(t; — to). In the simulation, we use 6, = 0°, 8y = 90°, to =
0, ty = 1. The initial states at each ILC repetition are all set to 0. The ILC
ends when ep; < 1° where

4

sup | 0a(t) — 0(1) | .
t€[0,100]

€p1

To simplify the presentation, the following ILC updating law is used

M

ul (1) = wit) + > Quleickra(t+1) — eimgia(t) (1.63)
k=1

where @)y is the learning parameter and e(t) = 64(t) — 0(t). In the ILC
method, the system parameters are assumed unknown. However, the learn-
ing parameter determination should be based on the knowledge of the system.
To make the results with comparability, in the following simulations, we use

19
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Q1 =50,Q2 =25,Q3 = 25.
The following five cases are presented.

Case 1. High-order Effects Without Feedback Controller

Consider the ideal situation without exogenous torque disturbance. The track-
ing control is achieved by the iterative learning controller only without the
assistance of the feedback controller. To compare the effectiveness of the high-
order ILC scheme, three subcases are considered, i.e., M = 1,2, 3. The histories
of the tracking error bounds are shown in Figure 1.1 where the improved ILC
convergence can be observed when higher order ILC updating law is applied.
Case 2. Effects of the Feedback Controller in ILC

This case is similar to Case 1. We apply the fixed ILC updating law with
M = 1. But a simple P-type feedback controller

ub(t) = Kyeqt) (L64)

is applied to assist the ILC. Four subcases are considered for different gains
K,. When K, = 0, the tracking is by ILC which is the subcase M =1
in Case 1. The results are summarized in Figure 1.2. It is observed that
an improved ILC convergence performance can be obtained when the ILC is
assisted by a feedback controller. It is interesting to note in this case that
the ILC performance improves as K, increasing which implies a well designed
feedback controller is quite helpful for the iterative learning control.

Case 3. High-order Effects With a Feedback Controller

Consider the ILC updating laws with different orders, i.e., M = 1,2,3. The
same incorporated feedback controller is applies with K, = 30. The track-
ing results are given in Figure 1.3, where a similar performance improvement
behavior of the ILC convergence can be observed.

Case 4. Tracking the Varying Desired Trajectories

In this case, we choose M =1, K, = 30. The desired trajectory is supposed to
vary with respect to iteration number ¢. The varying desired trajectories are
designed with the same form (1.62) but the final angle 6(t) is revised to

07, (t) = (2 — e 095%)45°, (1.65)

The varying desired trajectory is denoted by 64,. In this case, we choose M =
1, K, = 30. In the first ILC iteration, the desired trajectory 4,(t) and the
system output 6y(t) are plotted in Figure 1.4. To have a clear comparison, the
desired trajectory and the system output at 100-th ILC iteration, i.e., 84,,, (%)
and #0190(t), are drawn in the same figure. We observe a good tracking in
this case. It should be noted that in this case b,, defined in Remark 1.2.2 is
fairly large. However, according to Remark 1.2.7, the tracking error bound in
this case should tend to 0 because by, tends to 0 as i increases. This is clearly
illustrated by Figure 1.4 which indicates that Remark 1.2.2 is more conservative
than Remark 1.2.7.

Case 5. Tracking the Varying Desired Trajectories With Ezogenous Distur-
bance
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The same situation as Case 4 is considered but with exogenous torque distur-
bance

T, (t) = 70(2 — e~ %) sin(nt/5) Nm. (1.66)

Good tracking performance in this case can be observed. It should be noted that
in this case b,, defined in Theorem 1.2.1 is fairly large. However, according to
Theorem 1.2.3, the tracking error bound in this case should tend to 0 because
b, tends to 0 as ¢ increases. This is clearly illustrated by Figure 1.5 which
indicates that the repetitive unknown exogenous disturbance can be rejected
by ILC scheme.

1.2.6 Summary

A high-order iterative learning controller, assisted by a feedback controller, is
proposed. It has been proven that the tracking errors are bounded in the pres-
ence of bounded uncertainty, disturbance, and re-initialization error. Moreover,
it has been shown that the tracking error bounds are functions of the bounds of
uncertainty, disturbance, and re-initialization error. The tracking error bounds
tend to 0 in the absence of uncertainty, disturbance, and re-initialization error.
Furthermore, it also has been shown that under certain conditions, the track-
ing error bound is a function of the bounds of the differences of uncertainties,
disturbances and the re-initialization errors between two successive ILC itera-
tions. Improved ILC performance in both time ¢-direction and iteration number
t-direction can be achieved by the proposed feedback-assisted high-order itera-
tive learning controller. Simulation illustrations are presented which verify the
effectiveness of the proposed ILC scheme.
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Figure 1.1 Comparison of ILC convergence histories, ideal case with different ILC orders



22

120

100

(de)

80

60

40

Max. abs. tracking error : angle

20

I
o 10 20 30 40 50 60 70 80 90 100
ILC iteration number i

Figure 1.2 Comparison of feedback-assisted ILC convergence histories, ideal case with
fixed ILC order
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Figure 1.3 Comparison of feedback-assisted ILC convergence histories, ideal case with
different ILC orders

1.3 TERMINAL HIGH-ORDER ITERATIVE LEARNING CONTROL

A special type of iterative learning control (ILC) problem is considered in this
section. Due to the insufficient measurement capability in many real control
problems such as Rapid Thermal Processing (RTP), it may happen that only
the terminal output tracking error instead of the whole output trajectory track-
ing error is available. In the RTP chemical vapor deposition (CVD) of wafer fab.
industry, the ultimate control objective is to control the deposition thickness
(DT) at the end of the RTP cycle. The control profile for the next operation
cycle has to be updated using the terminal DT tracking error alone. That is,
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Figure 1.4 Tracking the varying desired trajectory: ideal case
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Figure 1.5 Tracking the varying desired trajectory: with exogenous disturbance

the DT is measured only at the end of the RTP cycle. A revised ILC method is
proposed to address this terminal output tracking problem. By parameterizing
the control profile with a piecewise continuous functional basis, the parame-
ters are updated by a high-order updating scheme. A convergence condition is
obtained for a class of uncertain discrete-time time-varying linear systems in-
cluding the RTPCVD system as the subset. Simulation results for an RTPCVD
thickness control problem are presented to demonstrate the effectiveness of the

proposed iterative learning scheme.
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1.3.1 Background and Motivation

Rapid thermal processing (RTP) systems are single-wafer, cold-wall chambers
that utilize one or more radiant heat sources to rapidly heat up the semicon-
ductor substrate at high temperatures for short times [22]. In semiconductor
wafer fab. industry, RTP has been used as a versatile single-wafer processing
technique for various thermal processing applications. Single-wafer process-
ing will be preferred over conventional batch equipment for many applications
as the wafer size increases beyond 150-200 mm. Factors in favor of single-
wafer processing include compatibility with multi-chamber cluster equipment
for vacuum-integrated processing, improved fabrication cycle time, and en-
hanced fabrication process repeatability due to improved process control. One
of the typical RTP systems is for the chemical vapor deposition (RTPCVD).
The terminal deposition thickness (DT) for each run of RTPCVD is to be con-
trolled within a given tolerance by adjusting the heating lamp power profile
[23].

It is critical to maintain a uniform temperature profile across the wafer during
steady-state and transient operation to avoid the generation of slip dislocations
and to ensure process uniformity. The process control can be divided into a
three tier hierarchical model consisting of

®m  supervisory control,
®  run-to-run (RtR) control, and
®m  real-time control.

Supervisory control, at the highest level, influences changes on a lot to lot
basis. Run-to-run control updates occur after each wafer is processed. In su-
pervisory and RtR control, only off-line sensors are required for the desired
measurements which are often unavailable in-situ. Real-time control can often
be subdivided into wafer state and process state control. Wafer state refers
to physical quantities associated with the processed silicon wafer (e.g. spa-
tial temperature distribution, film thickness, etc.). Process state, on the other
hand, refers to physical quantities which are not wafer parameters (e.g. reactor
wall temperatures, partial pressures of gases, etc.). Badgwell et al. provide
a comprehensive survey of modelling and control issues in the semiconductor
industry [24]. From application examples, it is apparent that the entire hierar-
chy may or may not be required for a particular semiconductor application. In
this section, we concentrate on the control in the RtR level. Some works exist
[25; 26] for a better run to run control using the idea of numerical optimiza-
tion. In this research, a new scheme - “terminal iterative learning control” is
proposed for RTPCVD application.

As the RTPCVD system executes a given task repeatedly, this repeatabil-
ity can be utilized to improve the system control performance by the iterative
learning control (ILC) method [1; 27]. The conventional ILC task is to follow a
desired output trajectory in a given time interval through learning iteratively.
In RTPCVD, however, the problem cannot be formulated in such conventional



KNOWLEDGE LEARNING TECHNIQUES FOR DISCRETE TIME CONTROL SYSTEMS 25

way because the exact measurement of wafer temperature is almost impossi-
ble [28]. In a more general framework, this class of control problems can be
classified as the PTP (point-to-point) control problem. The main features of
a PTP problem are: 1) the only available measurement is the terminal state
or terminal output; 2) the ultimate control objective is also the terminal state
or terminal output instead of the whole trajectory of the system. The precise
PTP control finds increasing applications in flexible manipulators [29], mobile
robots [30] etc. Learning method has been applied to PTP control problems
successfully in [30; 31]. The key technique is to represent the control function
as a linear combination of a pre-determined piecewise continuous functional
basis (orthogonal polynomials, splines, etc.) and then to update the coefficient
vector iteratively based on the terminal output error measurement at the end
of each run (system repetition).

Motivated by RTPCVD control problem, in this section we developed a
terminal ILC scheme to deal with a class of uncertain discrete-time linear time-
varying systems in general and the RTPCVD problem in particular. A sufficient
convergence condition of the terminal ILC is obtained. Terminal tracking per-
formance under disturbance is also investigated. Simulation studies with an
RTPCVD model demonstrate the effectiveness of the proposed terminal iter-
ative learning control scheme. Moreover, it is also shown that a high-order
learning updating scheme can provide a better convergence performance.

1.3.2 RTPCVD Model and The Control Problem

Consider a simplified RTPCVD model of poly-Si which includes the tempera-
ture dependence of deposition rate [32; 26], as follows:

e = [0AwEW(T},, — Th) + fELQP]/M,
(1.67)
4 = kyexp(—zr)

where the meanings of variables and the relevant parameters are given in Ta-
ble 1.2. T3,(0) is known and S(0) = Oum.

The control objective is to find a lamp power profile P(t) such that the
controlled wafer temperature T}, (t) follows a pre-planned trajectory T.2(t) as
closely as possible in a given time interval [0, NT], where T is the sampling
period and N is the number of samples. T(t) is pre-designed [26] to satisfy
the RTP requirements and especially to guarantee the final deposition thickness
S(T') (T = NTj). However, conventional feedback based control schemes are
hardly applicable to this control task because the in-situ measurement of wafer
temperature T, (t) is an even tougher problem. A practical way is to use the
measurement of the terminal DT at the end of each run. The control task then
becomes: given the RTP cycle period T and a desired DT S4(T"), with the
repetitive RTP runs, iteratively update the control P(t) based on the terminal

DT tracking error e(T) = Sq(T) — S(T).
The basic idea is to parameterize the control function P(t) using some known
basis functions. The parameters are to be determined through an iterative
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learning law. The learning gain should be properly chosen to guarantee the
convergence of learning process. To simplify the analysis and design, one may
linearize (1.67) around an equilibrium point (T (t), S*(¢), P*(t)). In practice,
one may use an approximate equilibrium point as shown in the simulation study
in Sec. 1.3.4.2. A small variation around the equilibrium point is denoted by
(AT, (t), AS(t), AP(t)). The linearized system is

ALy = [ 40A,Ey(T3)? ATy + fELQAP]/M,, + wi(t)
‘ (1.68)
428 = kog exp(— ) AT/ (T3)? + ws(t)

where wy (t),wa(t) are high order terms which can be taken as the modeling
uncertainties. As the process is computer-controlled, a discretized model is
preferred for the analysis. Define the states ©y = AT, z2 = AS and control
u = AP. Discretizing (1.68) with a zero order hold (ZOH) gives

{ z(t+1) = A(t)z(t) + Bu(t) + w(t) (1.69)
y(t) = a2(t) +o(t) '
where t = 0,1,--,N; x = [x1,22]7; A(t) and B are matrices with appropriate

dimensions in terms of (1.68); w(t) is the modeling uncertainty related to w (t)
and w2 (t); v(t) is the measurement noise (only v(IN) is concerned). In the sub-
sequent subsection, a terminal iterative learning control method is developed
for this class of uncertain linear time-varying discrete-time systems.

1.3.3 Terminal Output Tracking by Iterative Learning

Consider in general the uncertain time-varying linear discrete-time system

{ zi(t+1) = A@)zi(t) + B(t)ui(t) + w;(t) (1.70)
yi(t) = C@)zi(t) +vi(?) '
where t = 0,1,---, N; the subscript ¢ indicates the system repetition number;

state x;(t) € R™; control function w;(t) € R™; output y;(t) € R"; w;(t), vi(t)

are model uncertainty and measurement disturbance respectively. During the

repetitive operations, only y;(IV) is measurable at the end of every run i. The

control task is to find and improve the control function wu;(¢) in an iterative

manner such that y; (V) approaches to a given terminal output y¢ as i increases.
To restrict our discussion, the following assumptions are imposed:

s B1) System (1.70) is completely controllable.

m  B2) The initial state z;(0) at every iteration 7 can be repositioned nearby
the same starting point with some misalignment

|Az;+1(0)]| < &1

where €7 is a small positive constant,.
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s B3) The disturbance and modeling error are bounded and
Awiy (V]| < 22, [|Avi1 (V)] < e5.

Here Awi_,_l (t) = Wi+1 (t) — wi(t) and AUH_l (t) = Vj+1 (t) — Ui(t); E2 and
€3 are small positive constants.

Assumption B1) assures the existence of control for the given y¢. The initial
states are not necessary to be strictly repetitive according to B2). B3) is a
relaxed assumption on the uncertainty w; and disturbance v;. It is well known
that any ILC scheme is able to remove repeatable uncertainty or disturbance.
Thus we only need to know the “variations” of the disturbances in any two
consecutive cycles. Assumption B3) describes the bounds of such variations.

As the tracking control task is only for the terminal output, conventional ILC
updating law [1] cannot be applied. Following the idea of dynamic fitting
[33], instead of solving a functional minimization problem, we parameterize the
control u;(t) as

u;(t) = ®(t)=; (1.71)
where Z; = [¢1,,- -, &,]7 € RP*! is the parameter vector; ®(t) =[¢y(t),- -,
¢m(t)]T € R™*P is a properly chosen basis function matrix. ¢;(t) = [pj1(t)," -,
wip(t)],j = 1,---,m. The task is hence converted into finding an iterative

scheme based on the observation of the terminal output tracking error e;(N) =
y? —y;(INV) such that the parameter Z; is updated as i increases and meanwhile
e;(N) converges to a prescribed ball centered at the origin.

By solving (1.70), one obtains the terminal state

where
N-1
G = A(t); (1.73)
N
H = > J[AW -j)B(N - k)®(N - k); (1.74)
e
wi(N) = Y I AW = jwi(N k) (1.75)
k=1 j=1

with dimensions G € R"*", H € R"*? and w;(N) € R"*!. Thus the terminal
output becomes

Investigating the terminal tracking error of the output y;(N), one can easily
get the relation between two consecutive operation cycles.

eir1(N) = y' —yir1(N) = ei(N) = (g1 (N) = y:i(N))
€; (N) — CGAl‘H_l (0) — CHAEH_l
—C'Awi_,_l (N) - AUH—I (N) (177)
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A =
where Ahz’-i—l = hl'+1 — h,’, h; € {SU,(O), :z’}-
The high-order learning updating law is proposed as follows:

M
Bip1 =B+ AZi1 =Ei+ Y _ Lyeigpa(N) (1.78)
k=1

where M is the order of ILC and Ly (k = 1,2,---, M) are learning gain matrices
which are to be specified in applications. Substituting (1.78) into (1.77) yields

6,’+1(N) = (IT — C’HLl)eZ(N) — CGASUH_l (0)
M
—~CHY_ Lyei_ps1(N) = CAwig1 (N) — Avipr (N) (1.79)
k=2

where I, is an 7 X r unit matrix.
To analyze the convergence of the proposed terminal iterative learning con-
trol, an additional assumption is required.

m  B4) CH has a full row rank.

The key issue in B4) is related to the existence of the control for PTP control
and has been well discussed in [34]. As indicated in [34], a proper choice of
®(t) is always possible if the system (1.70) is controllable.

Remark 1.3.1 Consider the case when system (1.70) is LTI and the relative
degree is d,.. We know that CA’B =0, j =0,1,---,d,—1. Referring to (1.74),

N
CH =Y CA*'B®(N - k).

k=1

Hence, for a properly chosen ®, CH can be made full rank if d, < N. Usually,
the number of sampling points is much larger than the relative degree. Thus,
BJ) can be satisfied easily.

Remark 1.3.2 Regarding the ® selection, in general, only assumption B/)
needs to be satisfied. In practice, to choose a suitable ®(t), we need to have
some knowledge about the system to be controlled. ® can be chosen in terms of
the particulars of the plant so as to further improve the control performance.
A detailed example will be presented in Sec. 1.8.4.

We summarize the above discussion in the following theorem.

Theorem 1.3.1 Consider the system (1.70) under assumptions B1)-B4) with
a given achievable terminal output y*. By applying the control functional pa-
rameterization (1.71) and the iterative learning updating law (1.78), through
the repetitive operations, the terminal tracking error e;(IN) will converge to a
bound if

M
AN
p=D <1 (1.80)
k=1
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where py = maxye o, Ny [ —CH L[, pr. = maxyeqo,ny |CHLg||, k=2,3,---, M.
The convergence bound is

lles(N)I| < €™ (1.81)

where
e* < ([ICGler +[|Clle2 +e3) /(1 = p). (1.82)
Clearly, €* is a class-K function of €1,€2 and €3 which implies that €* — 0 as

€1,€2 and g3 approach to 0.

Proof:
Taking norm operation of (1.79) gives

M
lestn (NI <D prllei w1 (V)] + (ICGlex
k=1

+||Clle2 + €3. (1.83)

Comparing with the condition in Lemma 1.2.1, we have the analogy if defin-
ing a; = |le;(IV)|| and € = ||CG|le1 + ||C|lez + €3. By virtue of the condition
(1.80),

lim e;(N) < e/(1—p) 2 €. (1.84)
11— 00
[

Remark 1.3.3 If the uncertainty w(t) is repeatable from run to run, their
effects on the ILC can be completely rejected according to Theorem 1.3.1. The
high order terms wi (t) and wy(t) in the linearized model (1.68) can be regarded
as repetitive ones when a good initial control is used.

Remark 1.3.4 The boundedness of trajectories during each run is guaranteed
theoretically because only a finite time interval is concerned in every run. How-
ever, in practice, it may happen that the tracking errors in between sampling
points are large while maintaining a good pointwise tracking. In such cases,
properly choosing 20 and ®(t) is essential. Fully utilizing the known infor-
mation about the system may be helpful as shown in the following illustrate
example.

1.3.4 Illustrative Example

1.3.4.1 RTPCVD Model. In the following, the terminal iterative learning
control scheme developed above is applied to RTPCVD thickness control prob-
lem in the wafer fab. process. To simulate the actual situation, an RTPCVD
model with the quartz window effect is considered:

e = [0AWEy(T} = T3) + fELQP]/M,
e = [QP+ hAy(Tums — T,)| /M (1.85)
ds

e = koe:np(—ﬁ)
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Table 1.2 Parameters for an RTPCVD system

symbol | value | meaning | unit
A, quartz window area cm?
Ay | 400 wafer area cm?
E, | 0.8 wafer emissivity unitless
f10.5 lamp power absorbed by wafer | unitless
h heat transfer coefficient for cal/em?/s/ °K
forced convection
P | €]0,1] lamp power control factor unitless
Q | 1076 lamp power constant cal/s
R | 1.9872 gas constant cal/(gmol- °K)
S polysilicon deposition thickness | pm
Tw wafer temperature °K
T, quartz window temperature °K
Tomb ambient temperature °K
My, |1 wafer thermal mass cal/ °K
M, | 100 quartz window thermal mass cal/ °K
ko | 591000 pre-exponential constant of pm/s
polysilicon deposition
v | 39200 activation energy of polysilicon | cal/gmol
deposition
o | 1.356 x 10712 | Boltzmann constant cal/(s - cm 2. °K ?)
hA, = 1.84 cal/s/ °K

where the related parameters are listed in Table 1.2. In ILC design, however,
we assume that only the simplified model (1.67) is available. The initial states
are T,,(0) = T,(0) = 300 °K , S(0) = Opm and N = 220s. The desired final
DT (deposition thickness) is S(T") = 0.5um. The objective is to find the lamp
power profile P(t). A well pre-designed wafer temperature profile [23] can be
used. Such a wafer temperature profile will give a final DT of 0.5 um. However,
online measurements of 7, (t) are not available for the closed loop control. To
overcome the difficulty in T}, (¢) measurement we apply the proposed terminal
ILC method which only requires the terminal DT measurement.

1.3.4.2 Terminal ILC. To make the problem tractable, control function
P(t) is parameterized by

P(t) = o(t)

(1]

= Z QLS

(1.

86)
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where ¢;(¢)(j = 1,---,p) are known basis functions and &;(j = 1,---,p) are
control parameters to be determined through iterative learning. The first-order
updating law for = is that

Ei =Ei1 + Lie;i—1(N) (1.87)

where ¢ is the iteration number and L; is the learning gain matrix to be de-
signed. The design is based on the learning convergence condition discussed in
Theorem 1.3.1 and the a priori knowledge about the system as shown in the
following.

It should be pointed out that a good choice of ®(t) and Zy is important
to the above scheme. Although the actual RTPCVD process is complex, the
simplified model (1.67) is still useful in choosing a good ®(t), Z¢ and L. As
the S(¢) is a monotonically increasing function, one may approximate it as
a quadratic polynomial or an exponential function with two unknowns which
can be determined by two known conditions S(T") and T, (0). Hence, with this
known S(t), one may get T, (t) and P(t) which in turn can be used to determine
®(t) and Zy. For example, setting

S(t) = a(e’t — 1), (1.88)
one can calculate «a, 8 by first equating

a(ef —1) = Sy(T),
{ dS(t)/dt |i=o= aB = koexp(—/|RT(0)]), (1.89)

and solving (1.89) through numerical iterations. Immediately, one can get from
the second equation of (1.67) that

T,(t) = 1/( + B't) (1.90)

where o/ = —R[In(aB/ko)]/v and 8’ = —R3/~. By substituting T, (¢) into the
first equation of (1.67), the control can be written in the following form:

P(t)=co+c1/(a +B1) +cx/(a + B't)* (1.91)

where ¢, c1,c2 are known constants based on (1.67) and Table 1.2. In the
following, the triple (S(t),T'(t), P(t)) in (1.88), (1.90) and (1.91) respectively,
are chosen as the approximated equilibrium (77 (¢), S*(t), P*(t)).

The above simple derivation shows that a proper choice of ®(t), Zy can be
made based on the simplified model.

From the above discussions, the lamp power profile P(t) is parameterized
according to (1.91) where ¢p = —0.0082; ¢; = 2.8 x 1078; ¢ = 1.01 x 10712;
o' = 0.0033; 8" = —1.202 x 107° based on Table 1.2. Now we can set ®(t) =
[1,1/(a' + B8't)%,1/(a’ + B't)*] as the basis function and set [cy,c1,cz] as the
initial Z. Taking P()(t) = ®(t)=¢ as a nominal control and then linearizing
the plant around the approximated equilibrium (T7(t), S*(t), P*(t)), we can
get a discrete-time model (1.69) similar to (1.70) which enables us to choose
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the learning gains L by applying Theorem 1.3.1. For convenience, we use L; =
K=y where K is a constant. Based on the convergence analysis in Sec. 1.3.3,
we know that K > 0.

In practice, one may use some tuning method to schedule different K’s in
different runs which is similar to the PID tuning in the iteration number i-axis.
As the first-order ILC updating law is in fact a pure integral controller along
the i-axis, higher order ILC scheme may be used which results in a PI or PID
controller in the ¢-axis. To illustrate this, a second order scheme is used and Lo
is simply set to be 10%L;. Improved results can be clearly observed in Fig. 1.6
for both cases: K =20 and K = 5. It is interesting to note that, when K = 20,
the oscillation has been improved a lot by using a high-order updating law.

o

a

|
|
i

|
|

\

Terminal DT (micron)
o
N
T
\
\
|

o
W
T
|

o

ILC Iteration Number

Figure 1.6 Convergence comparison of terminal DT tracking by high-order iterative learn-
ing

Larger K may result in unacceptable oscillations while smaller K slows down
the convergence as shown in Fig. 1.6. An “optimal” K may exist. For example,
when K is set to 10, the terminal iterative learning control gives a perfect track-
ing after 2 to 3 iterations as shown in Fig. 1.7. However, the “optimal” K is
not achievable in practice because the full accurate knowledge about the model
is not available. On the other hand, by using the idea of iterative learning,
a perfect DT control can still be achieved after several repetitions even when
a rough K is used. Furthermore, in Figs.1.6-1.7, the uncertainties have actu-
ally taken into account in the simulation study because a simplified model is
used to design the learning gain where the high-order terms are regarded as the
modelling uncertainty. It is shown from Figs.1.6-1.7 that the proposed terminal
iterative learning control scheme is robust to this uncertainty. An additional
case is considered where the perturbation v;(N) is a uniformly distributed ran-
dom noise over [0,1]. In this case, the situation is the same as that of Fig. 1.6.
The simulation results are shown in Fig. 1.8 where it is clearly observed that
the tracking error bound is proportional to 0.025. This is in accordance with
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the result of Theorem 1.3.1. As the RTPCVD system is repetitively operated,
the terminal ILC scheme demonstrated above is practically effective.
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Figure 1.7 Convergence comparison of terminal DT tracking by different values of K.
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Figure 1.8  Convergence comparison of terminal DT tracking by different values of K with
DT measurement errors.

1.3.5 Summary

The terminal deposition thickness control for rapid thermal process chemical
vapor deposition is considered. A terminal iterative learning control scheme
with a high-order updating law is proposed. The lamp power control profile is
parameterized and the parameters are to be updated by using the terminal DT

33
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measurement only at the end of each run. A convergence condition is obtained
for uncertain discrete-time time-varying linear systems. Simulation studies on
a simplified RTPCVD model show that the desired DT can be achieved by the
proposed terminal output learning scheme in a few runs. It is also illustrated
that a high order scheme may provide improved convergence performance.

1.4 CONCLUSIONS

We have presented in this chapter two effective iterative learning control schemes
suitable for uncertain discrete-time systems. Firstly, a high-order ILC updat-
ing law is proposed to include tracking errors in more than one previous iter-
ations. an explicit feedback-feedforward configuration for a class of uncertain
discrete-time nonlinear systems is considered where the feedback controller is
in general form. It is shown that both the feedback controller and the high-
order scheme are effective in speeding up learning convergence. Secondly, due
to the insufficient measurement capability in many real control problems such
as Rapid Thermal Processing (RTP), it may happen that only the terminal
output tracking error instead of the whole output trajectory tracking error is
available. The control profile for the next operation cycle has to be updated
using the terminal tracking error alone. By parameterizing the control profile
with a piecewise continuous functional basis, the control parameters are up-
dated by a high-order updating scheme. A convergence condition is obtained
for a class of uncertain discrete-time time-varying linear systems including the
RTPCVD system as the subset.

It has been clearly shown in this chapter that iterative learning control as
an engineering knowledge learning technique, does provide a systematic and
an effective way of handling discrete-time system control problems when only
partial process modelling or measurement knowledge is available.
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