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Abstract

A Novel Iterative Learning Control
Method Combined with Model
Predictive Control for Tracking

Specific Points

Se-Kyu Oh
School of Chemical and Biological Engineering
The Graduate School

Seoul National University

In this thesis, we study an iterative learning control (ILC) technique
combined with model predictive control (MPC), called the iterative
learning model predictive control (ILMPC), for constrained multi-
variable control of batch processes. Although the general ILC makes
the outputs converge to reference trajectories under model uncer-
tainty, it uses open-loop control within a batch; thus, it cannot reject
real-time disturbances. The MPC algorithm shows identical perfor-
mance for all batches, and it highly depends on model quality because
it does not use previous batch information. We integrate the advan-
tages of the two algorithms. In many batch or repetitive processes, the
output does not need to track all points of a reference trajectory. We
propose a novel ILMPC method which can only consider the desired
reference points, not an entire reference trajectory. It does not require

to generate a reference trajectory which passes through the specific



desired points. Numerical examples are provided to demonstrate the
performances of the suggested approach on point-to-point tracking,
iterative learning, constraints handling, and real-time disturbance re-

jection.

Keywords: Iterative Learning Control, Model Predictive Control,
Point-to-Point Tracking
Student Number: 2013-30282

ii



Contents

Abstract|. . . . . ... ... i
. Introduction] . ... .......... ... ... .. 1
(1.1 Background and Motivation| . . . . . ... ... ... 1
[L2 Literature Review| . . . .. ... ... ........ 4
(1.2.1 Tterative Learning Control| . . . . . . ... .. 4

(1.2.2  Iterative Learning Control Combined with Model |

| Predictive Controll . . . . ... ... ... .. 15

[1.2.3  Iterative Learning Control for Point-to-Point Track- |

| NG| . v v v e e e e e e e 17
(1.3 Major Contributions of This Thesis| . . . . ... ... 18
(L4 Outline of This Thesisl . . . . . . .. ... ... ... 19

[2.  Iterative Learning Control Combined with Model Pre- |

il



2.4 Numerical [llustrationsl. . . . . . . .. .. ... ... 44
2.4.1 (Case 1) Unconstrained and Constrained Lin- |

[ ear SISO System| . . . . .. ... ... .... 45
[2.4.2 (Case 2) Constrained Linear MIMO System|. . 49

2.4.3 (Case 3) Nonlinear Batch Reactor] . . . . . . . 53

25 Conclusion| . . . .. ... ... ... ... 59

[3.  Iterative Learning Control Combined with Model Pre- |
| dictive Control for Non-Zero Convergence| . . . . . . . 60
[3.1 Iterative Learning Model Predictive Controller for Non- |

| zero COnvergence] . . . . . . . . . ..o ... 60
[3.2 Convergence Analysis| . . . . ... ... ... .... 63
[3.2.1 Convergence Analysis for an Input Trajectory|. 63

[3.2.2  Convergence Analysis for an Output Error] 65

(3.3 Illustrative Example| . . . . . . ... ... ... ... 71
3.4 Conclusions| . . . ... ... ... ... ... 75

4. Iterative Learning Control Combined with Model Pre- |
| dictive Control for Tracking Specific Points| . . . . . . 77
4.1 Introduction| . . ... .. ... ... ... ... 77
4.2 Point-to-Point Iterative Learning Model Predictive Con- |
........................... 79
4.2.1 Extraction Matrix Formulation|. . . . . . . . . 79

82

4.2.3 Iterative Learning Observer| . . . . . ... .. 86

4.3 Convergence Analysis| . . . . . ... ... ... ... 89
“4.3.1 Convergence of Input Trajectory|. . . . . . .. 89

4.3.2 Convergence of Error] . . ... ... ..... 95

4.4  Numerical Examples|. . . . . ... ... ... ... . 98

v



4.4.1 Example 1 (Linear SISO System with Distur-

bance)] . ... ... . ... ... ... 98

4.4.2 Example 2 (Linear SISO System)| . . . . . .. 104

“4.4.3  Example 3 (Comparison between the Proposed |

[ "PTPILMPCand PTPILC) .......... 107
4.4.4  Example 4 (Nonlinear Semi-Batch Reactor)|. . 113

M5 Conclusion] . . . . .. . ... 119

[S.  Stochastic Iterative Learning Control for Batch-varying |
| Reference Trajectory| . . . . . . .. ... ... ..... 120
5.1 Introduction| . .. ... ... ... .. ... ..... 121
[5.2 ILC for Batch-Varying Reference Trajectories] . . . . 123

[5.2.1 Convergence Property for ILC with Batch-Varying

| Reference Trajectories| . . . . . .. ... ... 123
[5.2.2 Iterative Learning Identification| . . . . . . .. 126

[5.2.3 Deterministic ILC Controller for Batch-Varying |

| Reference Trajectories| . . . . . .. ... ... 129
[5.3 ILC for LIT Stochastic System with Batch-Varying |

| Reference Trajectories| . . . . . .. .. ... .. ... 132

[5.3.1 Approach 1: Batch-Domain Kalman Filter-Based

| Approach| . . . . . ... ... oL 133
[5.3.2  Approach 2: Time-Domain Kalman Filter-Based |

[ Approach| . . . . . . ... ... ... ... .. 137
[5.4 Numerical Examples|. . . . . ... ... ... .... 141
[5.4.1 Example 1 (Random Reference Trajectories|. . 141

[5.4.2  Example 2 (Particular Types of Reference Tra- |

| Jectories| . . . .o ... 149
B5 Conclusionl . . . . .« ... 151



6.1 Conclusions| . . . .. . . . . . . . ... . 156
62 TFutureworkl . . ... ... ... ... ... 157
.......................... 158

vi

i 45 1” 4:11 T



List of Figures

[Figure 1.1. The basic scheme of iterative Iearning control] . 5
[Figure 1.2. Reference trajectory| . . . . . ... ... ... 12
[Figure 1.3. Result with the Istmodel . . . ... ... .. 13
[Figure 1.4. Result with the 2nd model| . . . . . . ... .. 13
[Figure 1.5. Result with the 3rdmodel] . . . . . ... ... 14
[Figure 1.6. Convergence performance with the Tst and 2nd |
models| . . ... ... ... ... ..., 14
[Figure 1.7. Convergence performance with the 3rd modell. 15
[Figure 2.1. (Case 1) Repetitive disturbance input (d;.) for |
all batches and non-repetitive disturbance in- |
put (d) for the 11" batch. . . . . . ... ... 45
[Figure 2.2. (Case 1) The results of the proposed ILMPC |
algorithm under model discrepancy and repet- |
itive disturbance mput.| . . . . ... ... L. 46
[Figure 2.3. (Case 1) The performance of the proposed ILMPC |
algorithm for non-repetitive disturbance at the |
11%batch) . .. ... .. ... ..... ... 47
[Figure 2.4. (Case 1) Log scale convergence performance |
for the linear SISO system.|. . . . . . ... .. 48
[Figure 2.5. (Case 1) The results of the proposed ILMPC |
algorithm under the mput and output constraints.| 49
[Figure 2.6. (Case 2) Non-repetitive disturbance input for |

the 11" batch) . ... ... ... ... .... 51

vii



[Figure 2.7. (Case 2) The performance of the proposed ILMPC

algorithm for non-repetitive disturbance at the

11%batch) . .. ... .. ... .. ... ... 52
[Figure 2.8. (Case 2) Log scale convergence performance |
for the constrained linear MIMO system.| . . . 53
[Figure 2.9. (Case 3) Disturbance inputfork =8, 9, --- , co |
as a repetitive disturbance and for the 14" batch |
as a non-repetitive disturbance.| . . . .. . .. 56

[Figure 2.10. (Case 3) The performance of the proposed ILMPC

algorithm against added repetitive disturbance

atthe8"batch) . . . . ... ... ... ....

[Figure 2.11. (Case 3) The performance of the proposed ILMPC

algorithm for non-repetitive disturbance at the

14%batch) . .. ... ... . 58

[Figure 2.12. (Case 3) Log scale convergence performance |

[ for the nonlinear batch reactor. . . . . . . .. 59
[Figure 3.1. Disturbance for the 7th batch] . . . . ... .. 68
[Figure 3.2. Result of the proposed ILMPC with R = 0.017 |
andS=0.050). ... ... ... ... ... 69

[Figure 3.3. Disturbance rejection performance of the pro- |
posed ILMPC with R = 0.01/ and S = 0.05/.| 70

[Figure 3.4. Convergence performance with R = 0.017 and

L 5 =0.05/under the disturbance at the 7th batch.|

72

[Figure 3.5. Results of the proposed ILMPC with respect to

different sizesof R (S =0.01/).] . ... ... 74
[Figure 3.6. Convergence results with respect to different |
sizesof R(S=0.010)) ............ 75

viii



[Figure 4.1.

(Example 1) The performance of the proposed

| PTP ILMPC algorithm.| . ... ... ... .. 99
[Figure 4.2. (Example 1) The disturbance rejection perfor- |
| mance of the proposed PTP ILMPC algorithm.[ 100
[Figure 4.3. (Example 1) Log scale convergence performance |
| for the constrained linear SISO system.| . . . . 101
[Figure 4.4. (Example 1) The performance of the proposed |
[ PTP ILMPC algorithm under output constraint.| 102
[Figure 4.5. (Example 2) The performance of the proposed |
| PTP ILMPC algoritthm with R =0, . . . . .. 105
[Figure 4.6. (Example 2) The performance of the proposed |
| PTP ILMPC algorithm with R =0.1.| . . . . . 106
[Figure 4.7. (Example 3) The performance of the proposed |

[Figure 4.9. (Example 3) Log scale convergence performance

of the proposed PTP ILMPC and the PTP ILC|

111

[Figure 4.10. (Example 3) The performance of the proposed

PTP ILMPC and the PTP ILC under output

constraints| . . . . . ..

[Figure 4.11. (Example 4) Comparison between the results

with output constraint and the results without

output constraint.| . . . .

X



[Figure 4.12. (Example 4) The performance of the proposed |

PTP ILMPC algorithm at 1st, 3rd and 50th 1t- |

eration. . . . . . .. .. e 118

[Figure 4.13. (Example 4) Log scale convergence performance |

for the nonlinear MIMO system.|. . . . . . .. 119

[Figure 5.1.

The scheme of the deterministic ILC for batch- |

varying reference trajectories. . . . . . . . . . 129

[Figure 5.2.

'The scheme of the batch-domain Kalman filter- |

based stochastic ILC for batch-varying refer- |

ence trajectories.| . . . . . ... .. ... ... 133

[Figure 5.3.

The scheme of the time-domain Kalman filter- |

based stochastic ILC for batch-varying refer- |

ence trajectories.| . . . . . ... ... L. 136

[Figure 5.4.

The tracking results of the deterministic ILC |

for batch-varying reference trajectories from sec- |

ond batch to sixth batch (Example 1).[ . . . . . 142

[Figure 5.5.

The tracking results of the batch-domain Kalman |

filter-based stochastic ILC for batch-varying ref- |

erence trajectories from second batch to sixth |

batch (Example I).|. . . . . . ... ... ... 143

[Figure 5.6.

The tracking results of the time-domain Kalman |

filter-based stochastic ILC for batch-varying ref- |

erence trajectories from second batch to sixth |

batch (Example 1).| . . . ... ... ... ... 144

[Figure 5.7.

Comparison of the norm of error profiles of the |

proposed approaches (Example 1).] . . . . .. 145




[Figure 5.8. Convergence performance according to weight- |

ing factor (R) of the Q-ILC controller (Exam- |

plel)). ... ... ... ... 146

[Figure 5.9. The tracking results of the deterministic ILC |

for batch-varying reference trajectories from sec- |

ond batch to sixth batch (Example 2).[ . . . . . 152

[Figure 5.10. The tracking results of the batch-domain Kalman |

filter-based stochastic ILC for batch-varying ref- |

erence trajectories from second batch to sixth |

batch (Example 2).| . . . . .. ... ... ... 153

[Figure 5.11. The tracking results of the time-domain Kalman |

filter-based stochastic ILC for batch-varying ref- |

erence trajectories from second batch to sixth |

batch (Example2).|. . . . . . ... ... ... 154

[Figure 5.12. Comparison of the norm of error profiles of the |

proposed approaches (Example 2).] . . .. .. 155

X1

'xﬁ S t” -:j} T



Chapter 1

Introduction

1.1 Background and Motivation

A controller in a continuous process generally aims to converge
an output to a constant set-point. In many cases, the regulation prob-
lem can be solved with the proportional-integral-derivative (PID) con-
troller or the linear model-based controller. The linear model-based
controller uses a linearized process model at an operating point. A
controller in a batch, cyclic, repetitive or iteration process aims to
make the output track a time-varying reference trajectory defined over
a finite time interval. The PID controller only uses the error of the
previous time; thus, it cannot prepare for the future time-varying ref-
erence trajectory. Model predictive control (MPC) has become the ac-
cepted standard for complex constrained multivariable control prob-
lems in the process industry. MPC uses the predictive model to calcu-
late the input trajectory that minimize future output errors. The batch
process dynamics, however, is highly nonlinear because of its wide
operation range; thus, it is difficult to obtain an appropriate linear
model. Although nonlinear MPC (NMPC) is used, perfect tracking is
impossible because of the model-plant mismatch. Despite the above

difficulties, the batch process has an important characteristic of re-

gt



peating the same task, that is, the information from the previous batch
steps and the previous time steps are available. The conventional con-
trol techniques use the model and the information of the previous time
steps. Thus, a new control technique that can learn from the informa-
tion of the previous batch is needed.

Iterative learning control (ILC) is a control technique that learns
from previous experience such as previous batch, cycle, repetition or
iteration. The basic idea of ILC can be found in [1]] and the first re-
search paper on ILC was written by Uchiyama [2]. It was written in
Japanese; therefore, it has not received much attention from control
community. In 1984, Arimoto et al. first introduced ILC in English
[3]. ILC was originally introduced for robot manipulators, which re-
peat the same task from trial and trial. The basic algorithm of ILC is
to use the information from the previous trial to control the current
trial. However, it does not use the information of previous time steps
at the current trial, that is, it is not a real-time feedback controller.
Thus, ILC should be combined with a real-time control technique to
reject real-time disturbances.

Among the advanced process control techniques, MPC is the
most standard advanced real-time control technique. Many ILC tech-
niques combined with MPC, often referred to as iterative learning
model predictive control (ILMPC), have been proposed to handle
real-time disturbances. Most studies of ILMPC use an augmented
state-space model where a state vector consists of the entire error
sequences of a batch, and a prediction horizon is fixed as the entire
batch horizon [4, 5, 16, [7, |8]. In addition, the resulting formulation
of such an algorithm employs linear time-varying (LTV) models in

the state augmentation step, even if a system is linear time-invariant



(LTI). Thus, additional calculation burdens for LTI systems are added
in the algorithm. Also, it has a different formulation from general
ILC or MPC; thus, additional modification may be needed to incor-
porate other techniques applicable to general ILC or MPC such as
advanced state estimation theory or point-to-point tracking technique
into the controller. Two-stage approaches have also been proposed
for combining ILC with real-time feedback controller [6, [7, 9]. The
two-stage approaches have difficulties in system analysis and param-
eter tuning and require two optimization steps. In addition, the time-
wise feedback controllers of the approaches are not offset-free con-
trol; thus, offset occurs in the early batches until the batch-wise con-
troller shows convergence. Above all, the two-stage approaches do
not consider constraints. ILC combined with dynamic matrix control
(DMC) for LTI system [[10] has been proposed, but the DMC algo-
rithm without an observer cannot handle unknown disturbance and
measurement noise effectively [[11].

ILMPC should contain the following all advantages of MPC. (1)
ILMPC should guarantee offset-free control. (2) It should have a sin-
gle optimization step, not two optimization steps for both ILC part
and MPC part separately. (3) It should consider constraints and ensure
that a feasible solution will always be found. (4) Prediction horizon
should be able to be adjusted to reduce the computational load. (5) If
the model is LTI, it should use LTI model directly. (6) The form of
prediction model and algorithm procedure should be similar to those
of MPC.

General control techniques including PID, ILC and MPC should
have an entire reference trajectory or set-points for all control time

steps. If it is important for the output to converge to specific points,



an arbitrary reference trajectory passing through those points should
be prepared first. This process adds additional burden. In addition,
if parameters or constraints are modified, it is necessary to find a
new reference trajectory. Tracking an entire reference trajectory is
not always necessary in many applications such as a robotic “pick
and place” task, crane control, rapid thermal process, and chemical
batch reactor [[12, (13} [14]. An ILC technique that considers only the
desired reference points is called point-to-point ILC (PTP ILC) and
has been studied recently 15,16, |17]]. Terminal ILC (TILC) has been
also studied for tracking terminal point only [12,18}[19]. It is a special
case of the PTP ILC problem. These types of PTP ILC algorithms are
open-loop control within a batch; thus, they cannot reject real-time
disturbances. If real-time disturbances should be rejected, the PTP
ILC algorithm needs integrating with a real-time feedback controller.

The main objective of the study is to propose a standard form
of ILMPC that includes all the advantages mentioned above. Then,
we propose a novel ILMPC technique that can track specific points
without generating an arbitrary reference trajectory passing through

the specific points.

1.2 Literature Review

1.2.1 [Iterative Learning Control

The basic idea of the ILC is illustrated in Figure [I.1] For sim-
plicity, we consider the LTI system in this section. In classical ILC,

the following postulates are required.

* Every trial (pass, cycle, batch, iteration, repetition) ends in a



Current Trial’s Input Current Trial’s Output
> >
Plant
ug (1) Yie(t+1)
A 4
Next Trial’s Input Iterative <
— Learning Desired Output
<—
Upe+1(t) Controller
r(t+1)

U1 (0) = f(ure(@), yi (¢ + 1), 7(t + 1))

Figure 1.1: The basic scheme of iterative learning control

fixed time of duration.

* Repetition of the initial setting is satisfied. That is, the initial
state 2 (0) of the objective system can be set to the same point

at the beginning of each iteration.

* Invariance of the system dynamics is ensured throughout the

repetition.
* The output y () is measured in a deterministic way.

In recent ILC studies, the above postulates can be relaxed. Let us

consider the following continuous LTI system:

(1.1



where x(t) is the state, uy(t) is the input, y,(¢) is the output, ¢ is the
time index, k is the batch, cycle, repetition or iteration index. That is,
u(t) is the system input at time ¢ of the k-th batch.

The first learning control scheme, called “Arimoto-type” ILC,
was proposed in 1984 [3, 20].

uk+1(t) = uk(t) + Fek(t) (12)

where e, (t) = 7(t) — yx(t) and r(¢) is the reference trajectory. Con-
sider the plant and the input update law (1.2), the output y (¢) —
r(t) for all t as k — oo if the learning gain matrix I" satisfies the fol-
lowing condition.

|1 — CBr|; <1 (1.3)

where 7 is an operator norm and ¢ € {1, 2, ---, co}. Arimoto also
proposed more general PID-type input update law in 1986 [21]]. In
this paper, Arimoto referred to this technique as “Iterative Learning
Control”. He used the term “Bettering Operation” in his previous pa-

pers.

uk+1(t) = uk(t) + @ek(t) + Fek(t) + L /t ek(T)dT (14)

In industrial application, digital controller are used to control systems
and to store the information obtained in the course of learning pro-

cess. Thus, many ILC studies are based on discrete-time system.

Ik(t + 1) == Axk(t) + Buk(t)
yk(t) = C{L‘k(t)

(1.5)



In 1985, Togai and Yamano [22] proposed discrete optimal learning
control algorithm based on state variable technique and they used the

following objective function to obtain optimal learning gain matrix.

1
min —ej, (t + 1)Qex(t + 1) (1.6)
ug(t) 2

where () is an appropriate weighting matrix. The input update law is

and they proposed three types of learning gain matrix. Note that this

paper considers C' = I.

1. Steepest Descent

G = —KB" (K : constant) (1.8)

2. Newton-Raphson

lex(t+DI* 7
= -_— B 1-
@ = BB+ (1.9)

3. Gauss-Newton
G=—(B"B)'B” (1.10)

Most model-based ILC algorithms were based on the notion of direct
model inversion [22, 23| 24, 25 26, 27]. The learning gain matrix
of the algorithms based on direct model inversion is very sensitive
to high-frequency components in ey (t). Tao et al. [28] proposed a

discrete-time ILC algorithm based on the following objective func-



tion with an input penalty term to reduce the noise sensitivity [3].

ff,j%g% {en(t +1)"Qex(t + 1) + up(t)" Rug(t) } (1.11)
Sogo and Adachi [29] also proposed a continuous-time ILC algorithm
based on the similar objective function.

ILC is basically an open-loop control. It is not necessary to ob-
tain the input trajectory of the current batch in real time. Many ILC
studies uses the lifted vector form. Each lifted vector consists of val-
ues of input and output for all time steps. Thus, an input trajectory
for all time steps at the current batch is calculated with a single cal-
culation if the lifted vector is used. Eq. (I.5) can be expressed the

following form.

yr(1) CB 0 - 0 ug(0)
yr(N) CAN='B CAN—2B ... CB| |ux(N —1)

Coa ]

CA?

+1 . | =(0)
CAN
- (1.12)
Let us define Eq. (I.12) as follows.
yi = Guy + Fa,(0) (1.13)



Amann et al. [30, 31, 32] and Lee et al. [33] independently pro-
posed discrete-time ILC algorithms based on the following objective

function with a penalty term on input change.
1
min {e},1Qer1 + Au RA,} (1.14)
ug

where Au, = u; — ui_;. Amann ef al. and Lee ef al. suggested

different solutions.

u,1 =u, + R7'G"Qe,  (Amann et al. [30])

. (1.15)
w =u; + (GTQG+R)  G'Qe;,  (Leeetal [33])

In all of the above control techniques, the error converges to zero.
The following is more general form of the learning control algorithm
[25].

ug 1 = Tyuy + Teey (1.16)

If the plant is y, = Tsu; with zero initial condition, the condition
for convergence is || T,, — T.Ts||; < 1. This is much less restrictive
than [|[I — T, T;||; < 1 in Eq. (1.3). In this case, the error does not

converge to zero. The final error is as follows.

et = lim ey, = I-T,I-T,+T.T,) 'T.)r. (1.17)

If T, = I and the plant matrix is invertible, the error goes to zero as
k — oo.

Several researchers have considered higher-order ILC (HOILC)

(34} 135, 136, 137, 38]]. HOILC uses up to the n-th previous batch, not

just the previous batch. The following is the input update law of



HOILC.

Uy =Agup + Aoy + 0+ Ay,
(1.18)
+ erk + Fk,lek,l + -+ Fk,nek,n

Studies on ILC have also been conducted for applications in various
systems. In the early days of ILC research, it was mainly applied to
robot and mechatronic systems [20, 23| 39, 40, 41, 42, 43]]. Then,
ILC began to be applied to other systems such as chemical batch pro-
cesses [44} 145,146, 13,147, 148,49, 150, 51, 152, 53], injection molding
processes [34,55,156] and semiconductor industry [57,58,159, 160,61,
62.163,164,165.,166,167, 168, 169]. In many processes, especially in chemi-
cal batch processes, ILC combined with real-time feedback controller
is used because disturbance rejection is an important issue. MPC is
the most accepted standard real-time feedback control technique for
complex constrained multivariable control problem in the process in-
dustry. Thus, Many ILC techniques combined with MPC have been
studied.

Example 1.1

Consider the system and the reference trajectory as shown in Fig.
1.2

—-0.8 —0.2 0.5
x(t+1):[ ) 0 ]:L‘(t)—f—[ ]u(t)

1 05|

(1.19)
y(t)

10 -



Terminal time is 100 and the system has zero initial condition. The

following three models are available.

1st model
1 [0 —0a] 04]
xk(t‘Fl)—[O'g 0 ] k(t) + [0.9] k(1)
y;(t)z[o.g 0.4] z (1)
2nd model
, _[-os 03] , 05|
zp(t+1) = [ 13 ] R(t) + . 1 (1)
gt =10 0523 ()
3rd model
, [0 —01] , 04]
zp(t+1) = [ 0.9 0 ] R(t) + [0.9] 1 (1)
wi()= |1 0.4] 2}(1)

We use the following control law (T, = I in Eq. (I.16)).

U+l = U + T’eek

(1.20)

(1.21)

(1.22)

(1.23)

Convergence condition is |[I — T:T,||> < 1 where T is the step

response matrix of the plant (1.19)) and T? is the step response ma-

trix of the i-th model. The values of the convergence conditions of

11




the three models are as follows.

|IT — T!IT,||, = 0.5745
IT— T2T,||, = 0.9977 (1.24)
IT—T3T,||, = 2.7664

If the 1st or 2nd model is used, the output trajectory is convergent
to the reference trajectory as show in Figs. (I.3) and (L.4). If the

3rd model is used, the output trajectory diverges as shown in Fig.

@3).

T T

0.8} M .
@]

06

0.4

0274

0.2
0.4

_06 L

_1 1 1 1 1 1 1 1 1

Figure 1.2: Reference trajectory
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Figure 1.3: Result with the 1st model
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Figure 1.4: Result with the 2nd model
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Figure 1.7: Convergence performance with the 3rd model

1.2.2 TIterative Learning Control Combined with Model

Predictive Control

ILC was originally developed for robot manipulator control. Un-
like the robot system, chemical process has overdamped nonlinear
dynamics, significant interactions, large model errors, large distur-
bance and active constraints [4]. For these reasons, ILC has not been
widely applied in the field of chemical process. To overcome these
issues, many papers that propose an ILC combined with MPC have
been published [70, 4} [71} 16} [72}, 155, 73} [74} 10, 9} [75]]. The first rig-
orous paper for ILC combined with MPC was proposed by Lee et al.
[4,71] and the technique is called batch MPC (BMPC). BMPC uses
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the following periodically time-varying state-space model.

1 0] [ew)
o 1| |en®
ék(t)]

(STA (t)

ep(t+1)
ek(t -+ 1)

G(t)
G(t)

Auk(t)

(1.25)
ext) = [0 H(1)] [

where G/(t) and H (t) are defined as (G is the same as G in Eq. (1.13)))
G=[G(0) G(1) - GV -1)] (1.26)

H#t)=[0 T 0] (1.27)

where I of H(t) is located at ¢-th block column.

Example 1.2
If N = 4,t = 2 and the system has single-input single-output, G ()
and H (t) become

G2)=|0 0 CB (JAB}T

H(z):[o 10 0} -

BMPC uses the above state-space model to create a prediction model
for the objective function. BMPC has been successfully applied to
many systems [6, 7, 8l]. However, even if the original system is time-
invariant, BMPC should use time-varying parameters and the formu-
lation of BMPC is somewhat complicate to combine with other tech-

niques.
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Two-stage approach has also been studied to combine ILC with
real-time feedback controller [6, 7, 9]. This technique calculates the
input of the ILC part and the input of the MPC part separately, then
the sum of the two inputs is used as the actual input. It is effective for
non-repetitive disturbances but requires two optimization steps. Also,

constraints were not considered in this approach.

1.2.3 Iterative Learning Control for Point-to-Point Track-
ing

In many repetitive processes, the output does not need to track all
points of a reference trajectory. PTP ILC was proposed by Lucibello
[76] in 1992. TILC, a special case of PTP ILC, aims to track termi-
nal point and has mainly been applied for quality control of systems
which cannot measure the output in real time [[77,112,13.[78,,/19]. PTP
ILC for tracking multiple points has been studied relatively recently
compared to other ILC techniques [15, [79, |80, (81} (14} [16} [17]]. For
PTP tracking, there are two main approaches. The first is reference
trajectory update-based approach [[15]. In this approach, the reference
trajectory that passes through desired points is updated at each batch,
then the output tracks the updated reference trajectory. The second is
direct tracking approach [16]. In this approach, the output converges
to the desired points without the reference trajectory. All of the above
PTP ILC algorithms are open-loop control within a batch. In order
to apply PTP ILC to various applications, a real-time feedback con-

troller should be integrated.
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1.3 Major Contributions of This Thesis

The major contributions of this thesis are listed in the following:

* The standard form of ILC technique combined with MPC is
proposed. The formulation and algorithm procedure of the pro-
posed ILMPC is similar to conventional MPC; thus, various
techniques for MPC can be applied to the proposed ILMPC
without particular modification. Additional advantages include

the simplicity of the formulation and low entry barriers.

* The case where the error converges to non-zero is studied. Most
existing ILMPC techniques are designed to have an zero error
as k — oo. However, zero error is not always preferable to
non-zero error. An input trajectory for perfect tracking includ-
ing vertices of a reference trajectory has a non-smooth trajec-
tory. A penalty term for a smooth input trajectory is added to
the objective function of the propose ILMPC and convergence

analysis is performed.

* A novel ILMPC technique for tracking specific points is pro-
posed. The all existing PTP ILC is open-loop control and the
controller cannot reject disturbances. The PTP tracking prob-
lem in the ILMPC form is addressed by introducing an extrac-
tion matrix that extracts only the components related to specific
points. If all the points of the whole operation time are regarded
as specific points, PTP ILMPC becomes the same as ILMPC.
Thus, the proposed PTP ILMPC includes all advantages of the
proposed ILMPC and ILMPC can be seen as a special case of
PTP ILMPC.
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» Adaptive ILC schemes for discrete LTI stochastic system with
batch-varying reference trajectory (BVRT) is proposed. If ref-
erence trajectories change every batch, ILC shows a different
convergence property from that of the identical reference trajec-
tory. This technique is not directly related to ILMPC, but can be
integrated with ILMPC with minor modification. The limitation

of this technique is that only linear system is considered.

1.4 Outline of This Thesis

The remainder of this thesis is organized as follows.

In Chapter 2, we propose a MPC technique combined with ILC
for constrained multivariable control of batch processes. Although the
general ILC makes the outputs converge to reference trajectories un-
der model uncertainty, it uses open-loop control within a batch; thus,
it cannot reject real-time disturbances. The MPC algorithm shows
identical performance for all batches, and it highly depends on model
quality because it does not use previous batch information. We in-
tegrate the advantages of the two algorithms. The proposed ILMPC
formulation is based on general MPC and incorporates an iterative
learning function into MPC. Thus, it is easy to handle various is-
sues for which the general MPC is suitable, such as constraints, time-
varying systems, disturbances, and stochastic characteristics. Simula-
tion examples are provided to show the effectiveness of the proposed
ILMPC.

In Chapter 3, the case in which the output error converges to
non-zero value is studied. The existing ILMPC techniques make the

error converge to zero. However, if the error converges to zero, an
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impractical input trajectory may be calculated. We use a generalized
objective function to independently tune weighting factors of manip-
ulated variable change with respect to both the time index and batch
horizons. If the generalized objective function is used, output error
converges to non-zero values. We provide convergence analysis for
both cases of zero convergence and non-zero convergence.

In Chapter 4, we propose a point-to-point ILMPC technique which
can only consider the desired reference points, not an entire reference
trajectory. It does not require to generate a reference trajectory which
passes through the desired reference values. The existing ILMPC
techniques aim to track a reference trajectory of repetitive process on
a finite time interval while rejecting real-time disturbances. In many
repetitive processes, however, the output does not need to track all
points of a reference trajectory. In order to guarantee the convergence
of tracking error, the suggested approach requires the error between
measured and estimated outputs go to zero for all time as the number
of iterations goes to infinity. However, neither classical observer nor
Kalman filter guarantees the estimation error converge to zero for all
time points. To overcome this issue, iterative learning observer (ILO)
is applied to the algorithm and it can ensure that the estimation error
go to zero for all time as the number of iterations goes to infinity. Nu-
merical examples are provided to demonstrate the performances of
the suggested approach on point-to-point tracking, iterative learning,
constraints handling, and real-time disturbance rejection.

In Chapter 5, we present adaptive ILC schemes for discrete LTI
stochastic system with BVRT. In this case, if the state noise and mea-
surement noise exist,convergence rate and tracking performance are

degraded because the controller considers the difference arising from
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the noise as tracking error. To deal with such a problem, we pro-
pose two approaches. The first is based on a batch-domain Kalman
filter, which uses the difference between the current output trajec-
tory and the next reference trajectory as a state vector, while the sec-
ond is based on a time-domain Kalman filter. In the second approach,
the system is identified at the end of each batch in an iterative fash-
1on using the observer/Kalman filter identification (OKID). Then, the
stochastic problem is handled using Kalman filter with a steady-state
Kalman gain obtained from the identification. Therefore, the second
approach can track the reference trajectories of discrete LTI stochas-
tic system using only the input—output information. Simulation exam-
ples are provided to show the effectiveness of the proposed schemes.

Finally, Conclusions and possible directions for further work are

given in Section 6.
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Chapter 2

Iterative Learning Control Combined with
Model Predictive Control

In this chapter, we propose a MPC technique combined with ILC
for constrained multivariable control of batch processes. Although the
general ILC makes the outputs converge to reference trajectories un-
der model uncertainty, it uses open-loop control within a batch; thus,
it cannot reject real-time disturbances. The MPC algorithm shows
identical performance for all batches, and it highly depends on model
quality because it does not use previous batch information. We in-
tegrate the advantages of the two algorithms. The proposed ILMPC
formulation is based on general MPC and incorporates an iterative
learning function into MPC. Thus, it is easy to handle various is-
sues for which the general MPC is suitable, such as constraints, time-
varying systems, disturbances, and stochastic characteristics. Simula-
tion examples are provided to show the effectiveness of the proposed
ILMPC.

2.1 Introduction

Iterative learning control (ILC) is an effective control technique

for improving the tracking performance of a batch process under
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model uncertainty. ILC was originally introduced for robot manip-
ulators [3] and has been implemented in many industrial processes,
such as semiconductor manufacturing and chemical batch processes
[12, 52]. In many ILC algorithms, the input sequences for the cur-
rent batch are calculated using the tracking error sequences of the
previous batch. This type of ILC algorithm uses open-loop control
within a batch and cannot handle real-time disturbances. ILC should
be integrated with real-time feedback control to reject real-time dis-
turbances.

Model predictive control (MPC) has become the accepted stan-
dard for complex constrained multivariable control problems in the
process industry. Some studies about ILC formulations combined with
MPC, called iterative learning model predictive control (ILMPC),
have been studied for handling real-time disturbances in batch pro-
cesses. In case of combining ILC with MPC, it should include fun-
damental advantages of MPC as well as real-time feedback function.
The following characteristics of MPC should be included in ILMPC.
1) ILMPC should guarantee offset-free control. 2) It should have a
single optimization step, not two optimization steps for both ILC
part and MPC part separately. 3) It should consider constraints and
ensure that a feasible solution will always be found. 4) Prediction
horizon should be able to be adjusted to reduce the computational
load. 5) If the model is linear time-invariant (LTI), it should use LTI
model directly. However, there are no studies about ILMPC algo-
rithms which contain above all advantages. Most studies of ILMPC
use a state-space model where a state vector consists of the entire
error sequences of a batch, and a prediction horizon is fixed as the

entire batch horizon [3} 16, [7, [8]. Thus, the control calculations may
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not be performed within a sampling interval if a process has output
constraints, a small sample time, long operation time, and many out-
puts. The prediction horizon should be adjusted to reduce the exces-
sive computational load. In addition, the resulting formulation of such
an algorithm employs linear time-varying (LTV) models in the state
augmentation step, even if a system is LTI. Thus, additional calcula-
tion burdens for LTI systems are added in the algorithm. Two-stage
approaches have also been proposed for combining ILC with real-
time feedback [6, [7, 9]. The two-stage approaches have difficulties
in system analysis and parameter tuning and requires two optimiza-
tion steps. In addition, the time-wise feedback controllers of the ap-
proaches are not offset-free control; thus, offset occurs in the early
batches until the batch-wise controller shows convergence. Above all,
the two-stage approaches do not consider constraints. ILC combined
with dynamic matrix control (DMC) for LTI system [10] has been
proposed, but the DMC algorithm without an observer cannot handle
unknown disturbance and measurement noise effectively [11].

In this chapter, we proposed ILMPC which contains fundamen-
tal advantages of MPC. 1) The proposed ILMPC guarantees offset-
free control by introducing incremental state-space model. Therefore,
outputs can track reference trajectories while rejecting disturbances at
the first batch even if this is not perfect tracking. 2) This is one-stage
approach and has single optimization step. 3) It considers constraints
and includes slack variable; thus this algorithm ensures that a feasible
solution will always be found. 4) Prediction and control horizon can
be adjusted to reduce the computational load. 5) If the system is LTI,
this algorithm uses LTI parameters directly. Finally, the formulation

and algorithm procedure of the proposed ILMPC is similar to conven-
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tional MPC; thus various techniques for MPC can be applied for the
proposed ILMPC without particular modification. The reason which
these advantages can be included in the proposed algorithm is that a
prediction model formulated by an input-output model between two
adjacent batches is directly applied to the algorithm in an identical

way as a conventional MPC.

2.2 Prediction Model for Iterative Learning Model Pre-

dictive Control

2.2.1 Incremental State-Space Model

2.2.1.1 Delta input formulation

Fisrt, we consider the following linear discrete time-invariant

system which operates on an interval ¢t € [0, N]:

where 7, (t) € R"= is the state vector; uy(t) € R™ is the input vector;
yr(t) € R™ is the output vector; ¢ is the time index; k is the batch
index; and the matrices A, B, and C are real matrices of appropriate
dimensions. An incremental state-space model uses the control incre-
ment instead of the control signal. This model can be written in the

general state-space form with duy(t) = u(t) —ug(t—1). The follow-
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ing representation is the augmented incremental state-space model:

A zk(t) /_/B;\
Te(t+1) A Bl | @(t) B
— 5uk(t)
up(t) 0 I |u(t—1) 1 2.2)
_ zy(t)
C

The characteristic polynomial equation of the augmented model is

M—-A -B

M) = det
P 0 I—\I

= (A —1)"det(A\] — A) =0 (2.3)

This means that there are n, integrators are embedded in the aug-

mented model. Defining a new state vector as

A fk(t)
() & Lw— 1)] 2.4)

the incremental model takes the following general form:

t+1) = Ax.(t Bdouy(t
zp(t +1) = Az (t) + Boug(t) 2.5)
yr = Cay,

It is called an incremental state-space model [82]] or a state-space

model with embedded integrator [83]].

Proposition 2.1. [84|] The augmented system is observable if
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and only if (C, A) is observable and

A-1
C

B
O] has full column rank. (2.6)

Proof From the Hautus observability condition, system (2.2)) is ob-

servable if and only if

A—-M B
0 I — M\I'| has full column rank V. 2.7)
C 0

From the Hautus condition, the first set of columns is linearly inde-
pendent if and only if (C, A) is observable. The second set of rows
is linearly independent because of the identity matrix except possi-
bly for A = 1. Thus, for the augmented system, the Hautus condition
needs to be checked for A = 1 only. |

Remark 2.1. Observability of the augmented system is lost if
the number of inputs is more than the number of outputs or B has not

full column rank.

2.2.1.2 Velocity form

The delta input formulation has the disadvantage of losing ob-
servability if the number of inputs is more than the number of outputs.
The alternative formulation, velocity form [83], is always observable
if the original state-space model is observable. First, taking a differ-

ence operation on both sides of the state equation of the original state
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space model (2.1)), we obtain that

Tp(t+1) — 2e(t) = A(T(t) — Zp(t — 1)) + B (up(t) — up(t — 1))

(2.8)
Let us denote the difference of the state variable by
0rk(t+1) =Tt + 1) — Zx(t) (2.9)
and the difference of the control variable by
dug(t) = ug(t) —uk(t — 1) (2.10)
The difference of the state-space model is as follows.
07 (t + 1) = Adz1(t) + Bouy(t) (2.11)

The next step is to connect dZ(t) to the output yx(t). A new state

vector is chosen to be

zi(t) = [53_”’“(15)] (2.12)
Yk (t)

Note that

yp(t + 1) — yp(t) = Coay(t + 1)

_ _ (2.13)
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These lead to the following augmented state-space model:

A () B
———
67t +1) A 0] |67 B
= | _ _ _ 5uk(t)

0xy(t
yi(t) = [0 I] [ ()]
—— yk(t)
c
The characteristic polynomial equation of the augmented model is

M- A 0

A) = det _
P —CA T-)I

] = (A—1)"det(A\[—A) =0 (2.15)

This means that there are n, integrators are embedded in the aug-

mented model.

Proposition 2.2. The augmented system is observable if and
only if (C, A) is observable and

A-T1 0
CA 0| has full column rank. (2.16)
0 I

Proof From the Hautus observability condition, system (2.14)) is ob-

servable if and only if

CA I —M\I| hasfull column rank V. (2.17)
0 I
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From the Hautus condition, the first set of columns is linearly inde-
pendent if and only if (C, A) is observable. The second set of rows
is linearly independent because of the identity matrix except possi-
bly for A = 1. Thus, for the augmented system, the Hautus condition
needs to be checked for A = 1 only. |

2.2.2 Prediction Model

The system (2.5]) can be rewritten as a lifted system because finite

time intervals [0, N] are considered in ILMPC:
Vi = Gpoug + Fz(0) (2.18)

where G,,, € RwN)x(muN) and F,, € R(wN)x"e are defined as

[ B 0 e 0 [ cA ]

o s | CAB CB -+ 0 o oa CA?
CAN-1B CAN-2B ... OB C AN
- - " (2.19)

and the vectors y;, € R™" and u;, € R™" are defined as
oo 2 o (VT 5 (9\T - 7
Yk = [yk(l) (2)T - () } (2.20)

5uk L [5uk(0)T 5uk(1)T .. 5U1c(N . 1)T}T (2.21)

The input-output relationship between two adjacent batches is

Vi = Yi—1 + G Aduy, + Frp, Az (0) (2.22)
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where ~(hat) means predicted value, ¢ is a time-increment operator

and A is a batch-increment operator. That is,

Adu(t) = {un(t) — ue(t — 1)} — {up-1(t) — up—a(t = 1)}
A{L‘k(O) :ZL‘]C(O) — l’k_l(O)

(2.23)

Then, the following representation can be obtained using e, = r —yy,

where r is the reference trajectory.

The basic assumption of ILC is an identical initialization condition
(2 (0) = x4_1(0)); thus, Az(0) is zero [3, 25]. However, we do
not remove the initial state term because it is used for deriving free
response term including estimated current states which are necessary
for real-time feedback. At time ¢ of the & batch, future predictions
up to a prediction horizon p are formulated in terms of future control
movements up to a control horizon m, previous control movements,
and initial state. In the ILMPC algorithm, both horizons should not
exceed remaining time points. Therefore, the concept of shrinking

horizons [85] is used. Both horizons are updated as

Po Jifpg < N —t
b N —t , otherwise
(2.25)
mg ,ifmg < N —t
m =

N —t , otherwise
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where py is the initial prediction horizon and m, is the initial control

horizon.
_ék(t + 1)- _€k_1<t + 1)-
ék(t + 2) B €k,1<t + 2)
_ék (t + p)_ _€k_1(t + p)_
Forced response
[ ¢B 0 0 ][ Asw@® ]
CAB CB - 0 Adug(t + 1)
CAP'B CAP2B ... CAP™B| [Aduy(t+m —1)
[ ca'B cA'B - CAB| [ Asu(0) |
CA"™B  CA'B ... CA’B| | Aduu(l)
CAHP=IB CA™P2B ... CAPB| |Adug(t —1)
h Freerggponse g
_CAt+1_
CAtJrZ
C«Ater

vV
Free response

(2.26)

In the equation, free response term can be simplified and represented

in terms of current states. The following is the example of the first
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row of the free response vector.

— CA'BASu(0) — CA™ BASuy(1) - - - — CABASuy(t — 1)
— CA" 1 Az, (0)
— _ CA' (AA2,(0) + BASu(0)) — CA BASus(1) - --
_ CABASuy(t —1)
—  CA'AZ(1) — CAT BASu(1) - - — CABAGug(t — 1)

(2.27)

As a result, prediction model is represented as follows:

er(t+1t) =el_(t+1) — GAdu'(t) — FAZ,(t]t)  (2.28)

[ OB 0 ... 0 |
cal| CAB 0B 0
CAP'B CAP2B ... CAP™B

(110 2 [ent+1HT et +28)7

el (t+1)

>

Gk_l(t + 1)T ek_l(t + 2)T

ASUP(t) 2 [ Asup(t)T Abug(t +1)7

CA
CA?

eS|
[|>

C AP
(229
T
éx(t +plt)"|

er_1(t + p)T} !

Adug(t+m —1)7]

(2.30)

We assume that all the states are not measurable; hence, we use state

estimates AZy(t|t) instead of Axy(t).
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2.3 Iterative Learning Model Predictive Controller

2.3.1 Unconstrained ILMPC

We can design the ILMPC controller with the following objective

function.

Jmin 7 = % [E0(t+ 1187 QEN(t + 1) + Asul () RAS (1))}

2.31)
Substituting Eq. into the objective function with
0J/0A (t) = 0 yields

dup'(t) = dup,(t) + H (e, (t + 1) — FAZ4(t]t))

B (¢"QG+ R) 6" (232)

Among the optimal control actions, only the first control action is
implemented as the current control law. The following is the ILMPC

control law for unconstrained processes.

Sup(t) = dup—y1 (t) + H (e]_, (t + 1) — FAZ(t|t))
m blocli\matrices (233)

H:r[I 00 - oTﬁ

where H is called the learning gain matrix and AZy(t|t) = & (t|t) —

x_1(t) can be estimated using Kalman filter.
Aii‘k(ﬂt — 1) = AA{i‘k(t — 1|t - 1) + BA5uk(t - 1)

Ady(tlt) = Ady(t)t — 1) + K (Ayi(t) — CAz(tt — 1))
(2.34)
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where K is a steady-state Kalman gain.

2.3.2 Constrained ILMPC

In many control applications, constraints are imposed on pro-
cesses for safety and smooth operations. In ILMPC controller, con-

straints are composed of upper and lower limits on the input values

m
mwn

time index (dul?, < dug(t) < dul”,.

< Aup(t) < Aul,,

values (yy,;, =€, (t+1) < Jr(t+1[t) < yho, +ep(t+1)). et +1),

called slack variable, is defined such that it is non-zero only if a con-

(u,, <up(t) <up,.) the rate of input change with respect to the

), the rate of input change with

respect to the batch index (Au’,.

), and output

straint is violated, and ensures that a feasible solution will always be
found. This is referred to as constraint softening [86} 87]. Each con-

straint should be expressed with respect to Aduj*(t) as follows:

* Input values

w(t) = Lyug(t — 1) + I0ul, (£) + L ASU™E)  (2.35)

* The rate of input change with respect to the time index

du'(t) = oup’, (t) + Aduy'(t) (2.36)

* The rate of input change with respect to the batch index

A (t) = Ly Aug(t — 1) + I A} (1) (2.37)
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* Output values

YO+ 1]t) = yP_ (t+ 1) + GASUP () + FAZ(t]t) (2.38)
k

where

(2.39)

I I I

N
0
0
1

The following is a cost function incorporating the slack variable and

omitting constant terms.

min AP (GTQG + R) Adul' (1

Asup(t), P (t41) 2
+ (GTQFAG(1]t) — GTQel_, (t+1))" Adup(t)
+ %EZ(t +1)7SeR(t + 1)
(2.40)
The cost function can be rewritten by combining Adu}’(¢) and
eh(t 4 1) into one vector. The following is a standard quadratic pro-

gramming (QP) problem for constrained ILMPC.

T
_ 1 [Au(t)| |GTQG +R 0 |Adul(t)
min -
Asu (), ef (1) 2 | P (¢ 4 1) 0 S| |eh(t+1)
T
N GTQ (FAZ,(t]t) —ef_(t+ 1)) | |Adup(t)
0 en(t+1)
(2.41)
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subject to

E Adu(t)
en(t+1)

< M,(t) (2.42)

—u™, + Lyug(t — 1) + Ioup ()]
u”, o — Lyug(t —1) — I oup (1)
—oul,. +oul (t)
oy, — oug’ (t)

—Aul. 4+ L, Au(t — 1)
Aul o — I, Aug(t — 1)
~Ymin T Vi1 (t +1) + FAL(t]t)
Yiaz — Yi1(t +1) — FAL(t[t)

0

(2.43)

The optimization problem can be solved by appropriate QP solver.

The first input in the optimal sequence is then sent into the plant.

2.3.3 Convergence Property

We will provide sufficient conditions for asymptotic stability and

monotonic convergence of errors along the batch direction. First, we

derive the estimated state in terms of input and output using the
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steady-state Kalman gain.

Ay (tt) =Ady(t)t — 1) + K (Ayu(t) — Ady(tt — 1))
=AAZ(t — 1|t — 1) + BAdug(t — 1)
+ K(Ayk(t) —CAAGL(E— 1]t —1)
— CBASu(t — 1))

=AgAZp(t — 1|t — 1) + BgAduy(t — 1) + KAy(t)
(2.44)
where Ay 2 A— KCAand By £ B — KCB. The recursive formu-

lation can be represented in terms of Aduy(t) and Ayy(t) as follows:

t—1 i—1
Ai(tlt) =Y Al BeAduy(t—1—i)+» ALK Ay (t—i) (245)
=0 =0

Then, we should derive Aduy(t) using input update law and
Az (t|t) of Eq. (2.45). We assume that tracking errors after the termi-
nal point N are zero, e, (N+1) = ex(N+2) = --- = e (N+p—1) =
0, in order to use an identical learning gain matrix in all input updates.

The input update law (2.33) can be rearranged as follows:

Aduy,(t) = He?_,(t + 1) — HFAdy(t[t) (2.46)
First, we define H £ H, Hy --- Hp], where H;, i =1, ---, p
is the i™ block column of the learning gain matrix. In Eq. (2.45)),

Ay(t) = —Aeg(t) because definition of tracking error is e;(t) =

r(t)—yk(t). The input sequences can be represented in terms of track-
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ing errors using the above relationships and definitions.

Abuy(0) = He?_ (1) — HFAZ(0]0)
= H16k71<1) + ngk,1(2) + -+ Hpek,l(p)
Abuy(1) = He?_ (2) — HFAZ(1|1)

N-2

Aduy(N —1) = He}_,(N) — HF > Ay Bx Adup(N — 2 — i)

N-2

=0

+HF ) " A KAey(N - 1)

1=0

(2.47)

These equations for a sequence of time steps can be written as

A5uk(0) Hl HQ
Aduy(1) 0 H, H,
Abuy(N — 1) 0 0 0
0

HF By 0

HFAYX ?B; HFAR By

0 0
HFK 0

HFAY 2K HFAY K
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The equation can be rearranged as follows:

where

H,

Remark 2.2. [Properties of block triangular matrices]

lI>

[I>

(1>

HUA5uk = erkfl + Hbek

1 0
HF Bk I

HFAY 2By HFAY By
s H,
~HFK H,

~HFAY?K —-HFAY?K

0 0
HFK 0

|HFAZ K HFARK

0

(2.49)

(2.50)

* A triangular matrix is invertible if and only if its diagonal en-

tries are all non zero.

* The product of lower triangular matrices is lower triangular.

» The inverse of an invertible lower triangular matrix is lower

triangular.

» FEigenvalues of a block triangular matrix are identical to the

eigenvalues of diagonal blocks.
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o Let A, B, and C be n x m, m X m, and m x n block lower
triangular matrices, respectively. If all the block diagonals of
any of A, B, or C are zero block, then all the block diagonals
of ABC' are zero block. Thus, I + ABC' is invertible.

According to Remark[2.2] H,, is invertible. Thus, the relationship

between input and tracking errors can be written as
Aduy = H,'Hye,_y + H, 'Hyey (2.51)

Then, we use plant dynamics equation to obtain a relationship be-
tween errors of two adjacent batches. The system has the same ini-
tial condition for all batches. Therefore, z4(0) = w4_1(0), that is,
Az(0) = 0.

er = ep1 — G, Aduy, + FAz(0] 2.52)

where G, is the plant matrix. Substituting Eq. (2.51) into Eq. (2.52)
yields

I+G,H,'Hy) e, = (I-G,H,'Hy) e, (2.53)

where G, H;, !, and H, are lower block triangular matrices; all the
block diagonals of H, are zero block. Thus, I + G,H, 'H, is invert-
ible according to Remark [2.2] From Eq. (2.53)), the error propagation

is expressed as

€L = <I>ek_1 (254)
where
P 2 (I + (?.I)H1:1Hl))_1 (I — GprHf) (2.55)
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Theorem 2.1. [88] Consider the linear system and the ILMPC
controller . The system converges asymptotically to zero as k —
oo if p(®) < 1, where p(-) is a spectral radius.

Theorem 2.2. [88] Consider the linear system and the ILMPC
controller (2.33). The system converges monotonically to zero as k —
oo if ||®||; < 1, where i is norm topology (1, 2, or o).

2.3.4 Extension for Disturbance Model

The proposed ILMPC is easy to extend to the general state-space
model including measured disturbance model because its formulation
is similar to MPC. In general, unmeasured disturbance model is in-
cluded in the state-space model for offset-free control. The incremen-
tal state-space model which is used in the propose algorithm guaran-
tees offset-free control [89]. Thus, unmeasured disturbance model is
not considered in the proposed method. The following general model

is considered.

Tp(t +1) = AZy(t) + Bug(t) + Badi(t) + Twi(t)
wup(t) = ug(t — 1) + dug(t) + wi(t) (2.56)
yk(t) = éfk(t) + Tbk(t)

where dj,(t) is measured disturbance, w{(t) is state noise, ng(t) is

measurement noise, and wj'(¢) is white noise which is added for solv-
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ability of the Riccati equation with the following covariance matrices:
E [wi() {wi )} | = Q.
B |wi() {wi(®}'] = Q. 2.57)

E [nk(t) {nk(t)}T: —R,

The general model can be written in the following augmented state-

space:
T+ 1) _ A B Tx(1) N B walt)
() 0 1| |uwi-1| |1
P g+ | ? Z:g] (2.58)
yi(t) = [C’ 0] u}j:f)l) + ()

zr(t+ 1) = Axy(t) + Boug(t) + Bady(t) + Twy(t)
yk(t) = C!Ek(t) —f- nk(t)

(2.59)

In the augmented state-space model, deterministic parts are used for
prediction model and stochastic parts are used for state estimation.
The following prediction model can be obtained by the same proce-

dure as described in Section[2.2]

& (t+1[t) = el (t+ 1) — GASUP (L) — GaAdP (t) — FAz(t]t)
(2.60)
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where

CAB CB 0
G, 2 o o _ 2.61)
C’Ap_le C’Ap_zBd .. CAP~PaB,
T
AQP () 2 [Ad ()T Adp(t + 1T - Ady(t + py — 1)T]
(2.62)

and py is a disturbance horizon. If future disturbance cannot be fore-
casted, p, should be 1 or the current measured disturbance dy(t) is
used for future disturbance, that is, di(t) = dp(t +1) = -+ =
di(t + pg — 1). The steady-state Kalman gain can be computed by

the following algebraic Riccati equation.

P =APAT — APC (CPCT + R,)” CPAT 4T

Q. o]FT
0 Q.

K = PCT (CPCT + R,)™
(2.63)

2.4 Numerical Illustrations

We provide three cases (unconstrained and constrained linear
SISO system, constrained linear MIMO system, and nonlinear batch
reactor) to show the effectiveness of the proposed algorithm. It is as-
sumed that all the disturbances are unmeasurable; furthermore, un-
measured disturbance models are not used to design the ILMPC con-

troller for all the cases.
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2.4.1 (Case 1) Unconstrained and Constrained Linear
SISO System

1.2r ---d2(t), k=11

0.8+ R R e
0.6-

Disturbance input

0.2r

1
0.4r : ]
1

_02 I I I I I I I

Figure 2.1: (Case 1) Repetitive disturbance input (d}c) for all batches and
non-repetitive disturbance input (d%) for the 11" batch.

The proposed algorithm is evaluated using the following plant

transfer function.

0.2

0.8 02 2
Bl 2.64
d'(s)+ 54 (s) (2:64)

W) = e s 0 T 1

where d'(s) is repetitive disturbance input for all batches and d?(s) is
non-repetitive disturbance input which is entered at the 11" batch as
shown in Fig. [2.1] The proposed ILMPC controller is designed using

the following model transfer function.

1.2

6s+ 1)(2s + l)u(s) (2.65)

Ym(s) =
(
Terminal time is 40 with sampling interval of 0.25. For designing the
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Output

Input

0 5 10 15 20 25 30 35 40
Time

Figure 2.2: (Case 1) The results of the proposed ILMPC algorithm under
model discrepancy and repetitive disturbance input.

controller, we used the following parameters.

p =80, m = 10,
Q=I R=01I, S=0, (2.66)
Q. =0.1I, Q, = R, = 0.0001.
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1.5 ‘
—7
Yio

Output

0 5 10 15 20 25 30 35 40
Time

ujg ||

Input

-2 L ‘ ‘ ‘
0 5 10 15 20 25 30 35 40
Time

Figure 2.3: (Case 1) The performance of the proposed ILMPC algorithm for
non-repetitive disturbance at the 11% batch.

If the existing ILC technique combined with MPC where a state vec-
tor consists of the entire error sequences of a batch is used, the pre-
diction horizon p is fixed as 100. The proposed technique can reduce
the prediction horizon if the computational time is insufficient. In Fig.
the output of the 1% batch shows oscillation because of repetitive

disturbance dj.(t). However, the output tracks the reference trajectory
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Figure 2.4: (Case 1) Log scale convergence performance for the linear SISO
system.

while rejecting the repetitive disturbance at the 1 batch because of
the offset-free control. Although there are the effects of repetitive dis-
turbance and plant-model mismatch, the tracking error is decreased
as shown in Fig. 2.2]and Fig.[2.4] Non-repetitive disturbance input is
entered at the 11" batch. In Fig. the disturbance effect is rejected
in time horizon and the output converges to the reference trajectory
in the batch direction. Fig. shows that the proposed algorithm can
reject the repetitive and non-repetitive disturbances in both time and
batch horizons under model uncertainty.

Fig. shows the large overshoot at the 1" batch. Output con-
straint is used to eliminate the large overshoot. The following input

and output constraints are applied to the ILMPC controller.
— 1.5 <u(t) <15, —0.05 <y(t) <1.05 (2.67)

We used the same parameters as Eq. and S = 100. The penalty,
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0 5 10 15 20 25 30 35 40
Time

Figure 2.5: (Case 1) The results of the proposed ILMPC algorithm under the
input and output constraints.

S, should be large enough for constraint violation. The large over-

shoot can be eliminated as shown in Fig. [2.5]

2.4.2 (Case 2) Constrained Linear MIMO System

The main advantage of MPC is that it is able to handle multivari-

able systems with constraints. In this case, we consider the following
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constraints and MIMO system.

—15<u;; <15, and —5<ou, <5 i=12 (2.68)

yp(s) = [24052}}%13“ 130323§3s+1] u(s) + W] d(s)
180s24285+1  96521205+1 20052+30s+1
(2.69)
2.3 1.7
ym(s) _ [30052:—3554—1 11052;—8218-1—1] (270)
22552430541 11752422541

where u, , is the i input at the k™ batch. Terminal time is 100 with

the sampling interval of 1. The following parameters are used.

p =060, m =S8,
Q =1, R=0.0051, S =0, (2.71)
Q, =Q, =0.01I, R, =0.00011

The non-repetitive disturbance in Fig. [2.6|is entered at the 11 batch.
Fig. shows the efficacy of the proposed algorithm for the con-
strained MIMO system. The disturbance at the 11" batch is rejected
along the time direction. After two batches later, non-repetitive dis-
turbance effect vanishes as shows in Fig. In Fig. the output
cannot converge to the reference trajectory around time 5 to 10. This
is because the upper bounds of the inputs. Except for this time peri-
ods, the outputs converge to the reference trajectories although there

are constrains on the input movements.
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Figure 2.6: (Case 2) Non-repetitive disturbance input for the 11" batch.
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0 2 4 6 8 10 12 1‘4 16 18 20
Batch index

Figure 2.8: (Case 2) Log scale convergence performance for the constrained
linear MIMO system.

2.4.3 (Case 3) Nonlinear Batch Reactor

We consider the temperature control of a nonlinear batch reac-
tor where a second-order exothermic reaction A — B occurs [3]. It

is assumed that the temperature of a cooling jacket (7}) is directly

manipulated.
dTr UA AHV
il — T — k E/RT02
a = aac, T e ke O 27
dCy '
g = e
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The following values were used for the parameters:

A
]\ZCP = 0.09 ({/min)
AHV
= —1.64 (K l/mol
M, 64 (K I/mol)
ko = 2.53 x 10* (I1/mol min) (2.73)

E/R = 13,550 (K)
T(0) = 25 (°C)
C4(0) = 0.9 (mol /1)

For system identification, a step test was performed with the size of 26
°C and the sampling interval of 1. We obtained the following discrete-
time model using the least squares method with step input and step

response, assuming that the system is second-order.

0.0436z + 0.0425
u
22 —0.9153z 4 0.0013

Ym (t) = (t) (2.74)

We use the following parameters for controller design.

p =80, m =6,
Q=1 R=01I, S=0, (2.75)
Q. = Q. =0.011, R, =0.0001

In this case, a repetitive disturbance is entered from the 8 batch and a
non-repetitive disturbance is entered at the 14™ batch. Fig. [2.9shows
two disturbance inputs. It is assumed that the disturbance input is fil-
tered by 1/(2s+ 1), and then filtered signal enters at the plant output.

Non-repetitive and repetitive disturbance are the same in this case.
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In Fig. the temperatures of the cooling jacket of the 8 batch
are decreasing to act against the repetitive disturbance. The output
trajectory converges to the reference trajectory against the repetitive
disturbance, as shown in Figs.[2.9/and [2.11] Fig. shows the non-
repetitive disturbance rejection effect. The non-repetitive disturbance
effect at the 14™ batch remains at the output of the 15" batch, al-
though there is no additional disturbance at the 15". This response
occurs because the controller learns from the previous batch. If the
system parameters are changed or disturbance is entered at the k™"
batch, the controller makes the output converge to the changed sys-
tem or attempt to reject the disturbance at the next batch. Therefore,
the input effect against the disturbance at the 14" batch slightly car-
ries over to the 15", and the output rapidly converges to the reference
trajectory by the time-wise feedback. When the input of the 15" batch
is calculated, the controller cannot reflect the previous error by omit-
ting e} _,(t + 1) of Eq. ; alternatively, a weighting factor less
than 1 can be used on €}, (¢ + 1) to reject non-repetitive disturbance.
Next, the input effect against the disturbance of the 14" batch does
not carry over to the 15" batch, and the convergence performance
is maintained at the level of the 13" batch. However, if the previ-
ous error is neglected, then the controller cannot adapt to the repet-
itive disturbance. Many disturbances are unknown, unmeasured, and
unpredicted. Furthermore, many batch processes are operated under
model uncertainty. Thus, this type of tuning is not suitable. In Fig.
[2.12] the proposed controller is shown to successfully monotonically

reject the repetitive and non-repetitive disturbances.
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— Repetitive and Non-repetitive disturbance inputs
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Figure 2.9: (Case 3) Disturbance input fork =8, 9, ---

, 0O as a repetitive

disturbance and for the 14™ batch as a non-repetitive disturbance.
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Figure 2.10: (Case 3) The performance of the proposed ILMPC algorithm
against added repetitive disturbance at the 8" batch.
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Figure 2.11: (Case 3) The performance of the proposed ILMPC algorithm
for non-repetitive disturbance at the 14" batch.
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Figure 2.12: (Case 3) Log scale convergence performance for the nonlinear
batch reactor.

2.5 Conclusion

In this paper, we have presented the constrained ILC algorithm
combined with MPC. This algorithm can reject repetitive and non-
repetitive disturbances along both the time and batch horizons un-
der model uncertainty. We used the incremental state-space model to
guarantee offset-free control. The slack variable is used to guarantee
that a feasible solution will always be found. The disturbance model
and stochastic characteristics can be easily considered because the
proposed ILMPC is similar to the general MPC formulation. In this
paper, we only considered a linear time-invariant system; however,
ILMPC for a time-varying system can be derived using the same pro-
cedure. We presented three cases to show the effectiveness of the pro-
posed ILMPC. Disturbance rejection and convergence were found to

be successfully achieved in all the cases.
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Chapter 3

Iterative Learning Control Combined with
Model Predictive Control for Non-Zero

Convergence

In this chapter, the case in which the output error converges to
non-zero value is studied. The existing ILMPC techniques make the
error converge to zero. However, if the error converges to zero, an
impractical input trajectory may be calculated. We use a generalized
objective function to independently tune weighting factors of manip-
ulated variable change with respect to both the time index and batch
horizons. If the generalized objective function is used, output error
converges to non-zero values. We provide convergence analysis for

both cases of zero convergence and non-zero convergence.
3.1 [Iterative Learning Model Predictive Controller for
Non-zero Convergence

We use the following objective function to design the ILMPC

controller.

1 m m
min 3 {llex(t + Dllg + low @)l + 1Awy®)ls}  G.D

m
Auy
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where
ep(t+1)=rP(t+1)—yr(t+1t)
T 3.2)
r’(t+1) = [r(t + D7 (e +p)T]
. 7(t) is the reference trajectory and ||z||3, = 2" Qx. To obtain the
solution, each input term of the prediction model (2.28)) and the ob-
jective function (3.1)) should be expressed with respect to Au}*(t) as

follows:

oul(t) = I Au(t) + Ipul  (t) — Lyug(t — 1)

(3.3)
Asu(t) = I AU () — LAug(t — 1)
where
7 0 0 --- 0 0] 1]
Y 0 0 0
0 —I I - 0 0 0
IL=1{. . . o = (3.4)
0 0 0 --- I 0 0
(0 0 0 - T I 0]

The following analytical solution can be obtained using Eqgs. (2.28)),
(3-1) and (3.3).

Aug(t) =TPAu(t) = —IPH'f (3.5)
where
H=11G"QGI, +IIRI, +S (3.6)
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£=I,G'Q (FAd(t) ~ GLAu(t 1) —ef 4(t+1)) - o
+ IR (Luj () - Laug(t — 1) |

Many control applications need to ensure safety and smooth opera-

tions. For this purpose, the following constraints are considered.

u’ < ul(t) <ul

min max

ou™

min
Au’”

min

Yiin < YRt +10t) <yh..

< ou'(t) < dull

max

< Aul'(t) < Aul?

max

(3.8)

A standard quadratic programming (QP) problem for constrained
ILMPC is as follows:

1
min ~Au}"(t)HAuP(t) + fT Au’(t) (3.9)

Au*(t)

subject to
MAu*(t) < by(t) (3.10)

where

M = (3.11)

GI,
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—u, +uty (7)
Ui — Uy (2)
b, + T (1) — Lag(t — 1)
oupr —Ipu(t) + Toug(t — 1)
—Aull, — L Aug_1(t—1)
Aul 4+ L Aug_1(t —1)
—yP o+ yh  (t+1) — GLAug(t — 1) + FAZ,(t|t)
| Y2ux — Vi1 (t+ 1) + GLAuy(t — 1) — FAZ(t|t) |
(3.12)

The optimization problem can be solved by appropriate QP solver.

by (t) =

The first input of the optimal solution is implemented on the plant.
The formulation of the proposed ILMPC is similar to the con-
ventional MPC formulation. Thus, various techniques applicable to
MPC, such as disturbance model, time-varying model and advanced
state estimation theory, can be applied without modifying the struc-

ture of the controller.

3.2 Convergence Analysis

3.2.1 Convergence Analysis for an Input Trajectory

First, we prove that Awuy(t) converges to zero for all ¢ as k — oo

under the following assumptions.
1. There exists a feasible input trajectory such that e, = 0

2. All constraints (3.8) are satisfied when an input trajectory is

converged.

3. A system has the same initial condition for all batches; the same
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input trajectory and the same state trajectory lead to the same

output trajectory.
4. Q, R and S are symmetric positive definite.

Theorem 3.1. Consider the assumptions and the QP problem. Then,
Aug(t) — 0Vt as k — oc.

Proof We consider the objective function and the minimizer of the

optimization problem at time ¢ of the k-th batch.
1 m m
Pu(t) = 5 {llext + Vg + 0w (Ol + [Aw )5} (3.13)

Je(t) = min P(t) >0 (3.14)

Aup(t) -

subject to Eq. (3.8).
An optimal cost (Jx(t)) of an objective function is always less

than or equal to a feasible cost (P (1)), i.e., Jp(t) < Pp(t). Let
(e;P(t + 1), u;™(t)) be the optimal solution for the k-th batch.
The optimal solution of the k-th batch until time ¢ can be used for
the (k + 1)-th batch, then the optimal cost (Ji(t)) of the k-th batch
becomes the feasible cost (Py,1(t)) of the (k + 1)-th batch. Thus,
e (t+1) = eg”(t + 1), ul (1) = u™(¢), du’y, = ouy™ and
Aujy,(t) = up(t) — uy™(t) = 0. As mentioned above, the opti-
mal cost is always less than or equal to the feasible cost; therefore,
Je(t) = Ppsa(t) = i (t).
We have the following inequality.

1 * *,MM
Ter(®) < 5 (e + DI+ "R} G15)
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By adding and subtracting the same term, we have

T (t) < 5 {lley”(t + Dl + [1ow™ ()l + [1Aw™ (0)]Is}
1
il
= Ji(t) — —||A O

(3.16)

which yields
0< Je(t) Z |Aw™ ()3 < Ji(t) < (3.17)
Thus, Au; ™ (t) — 0, Vt as k — oo. [ |

3.2.2 Convergence Analysis for an Output Error

In this section, we show that the output error (e, (%)) converges
to a fixed value (e*(¢)) or 0 using the result of Section It
k — o0, all constraints are satisfied by the assumptions. Thus, the
unconstrained solution (3.5)) and the constrained solution
are equal if & — o0. The purpose of this proof is to know the
converged error for all time (1 ~ N), not prediction time horizon
(t ~ t + p); therefore, we use the unconstrained solution and set

= 0and m = p = N. In this case, f in Eq. is simplified
because Az, (0|0) = 0 (the same initial condition for all batches),
Aug(—1) = 0 and ux(—1) = 0. Furthermore, S in Eq. can be
zero because Au,, = 0 and S does not affect the converged value.

It affects the convergence rate. For the above reasons, A in Eq.
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and f in Eq. (3.7) are simplified as

H=1,G"QGI, + I RI,

- ’ (3.18)
f= —ILG Qek,1 + ILRILuk,1

Theorem 3.2. Consider the proposed ILMPC controller, e, — 0 as
k— ocoif R =0.

Proof The unconstrained solution with ¢ = 0, m = p = N and

R = 0 is as follows:
Au, = H 1T GT Qe (3.19)
By Theorem 3.1} if & — oo,
Au, =0=H 'TIG"Qe, (3.20)

This implies that e, = 0. ]

Theorem 3.3. Consider the proposed ILMPC controller, e, — €* as

k — oo.

Proof The unconstrained solution witht = 0 and m = p = N is as

follows:
Au, =H " (I;G" Qe — [ RI uy_y) (3.21)
The above equation can be expressed as follows:

w, = (I-H'IJRIL) w_ + H ' I}G"Qey_y (3.22)
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To simplify, we define Eq. as follows:
u, = Hyu,— + Hoep (3.23)
If £k — oo,
u,, = Hiu, + Hyeo = Hiu, + Hy (r — yoo) (3.24)

The state-space model can be expressed as the lifted vector
form: yo, = G,0u, = G,I u, where G, is the plant matrix. Sub-
stituting the lifted vector form into Eq. (3.24) and rearranging, we
have

U, = (I—H, + Hy,G,I;) ' Hyr (3.25)

We can obtain the final result by substituting Eq. (3.25) into e as

follows:

e =r—y.,=r—Glu,

1 (3.26)
={I-G,I,(I-H, +HG,I;) 'Hy}r

|

To make analysis of Eq. simple, we consider the scalar

case of the equation. Assume that terminal time /N is 1 and the sys-

tem has single-input single-output (SISO), then I = I; = 1; other

parameters become scalars which are written in non-bold typeface.
Eq. (3.20) is expressed as follows:

G,H,
=(1- P 2
e ( 1—H1—|—H2Gp)r (3.27)
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T
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0 10 20 30 40 50 60 70 80

Time (min)

Figure 3.1: Disturbance for the 7th batch.

where R
h=1"m0Tr
(3.28)
Hy— —G9
T G2Q+R
Eq. (3.27) is simplified as
GG,Q
G (IO 3.2
‘ < GG,,Q+R>T (3-29)

The result indicates that bigger I? increases the size of error. If R = 0,
e* = 0; it is the same result as Theorem 3.2} If R — oo, e¢* — r. The
reason is that if R — oo, the input does not change from 0; thus, the

output maintains zero value, i.e., e* =r —y = r.
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Figure 3.2: Result of the proposed ILMPC with R = 0.01/ and S = 0.051.
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Figure 3.3: Disturbance rejection performance of the proposed ILMPC with
R =0.017and S = 0.051.
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3.3 Illustrative Example

We consider a cooling jacket temperature (7}) control of a non-
linear batch reactor. A second-order exothermic reaction A — B oc-

curs. It is assumed that 7 is directly manipulated.

dir  UA AHV E

— = T — T, k — ) C5

a =~ e, T )~ g oexp <RT) i
o . (3.30)
g = hoexp (ﬁ) Ci

where 1" and C'4 are the state variables, 7" is the output variable, and

Tj is the input variable. The following parameters were used for plant:

UA .
NG, 0.09 (L/min)
AHV
Vion —1.64 (K - L/mol)
ko = 2.53 x 10'*(L/mol - min) (3.31)
E
= = 13,500 (K)
T(0) = 25 (°C)
C4(0) = 0.9 (mol/L)

We obtained the following linear discrete-time model using the least
squares method with a step input with an initial value of 25 °C and

a size of 1 °C; the sampling interval of 1 min. We assumed that the
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0 1 1 1 1 1 1 1 1 1 1 1
o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Batch index (k)

Figure 3.4: Convergence performance with R = 0.01/ and S = 0.051
under the disturbance at the 7th batch.

system was second-order.

0.9153 —0.0416 1
z(t+1) = x(t) + u(t)
0.0313 0 (3.32)

y(t) = [0.0436 1.3600] ()

We assume that there exists an unknown output disturbance at
the 7th batch. Disturbance model is 1/(3s+ 1); and disturbance input
is a step input with the size of 2 as shown in Fig. The predic-
tion horizon and the control horizon are 80 and 10, respectively. The
weighting factors Q was fixed as the identity matrix for all simula-
tions. For the first simulation which aimed to show the effectiveness
of the disturbance rejection, we used R = 0.017 and S = 0.051.
Fig. shows the results of the Ist and the 2nd batches. The out-

put of the 1st batch does not track the reference trajectory because
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of the model uncertainty; the output of the 2nd batch converges to
the reference trajectory. The unknown disturbance enters the system
at the 7th batch as shown in Fig. [3.3] The disturbance is, however,
rejected by the real-time feedback controller. The effect of the dis-
turbance remains at the 8th batch because the ILMPC learns from
the information of the previous batch. Therefore, the controller learns
to reject the disturbance of the 7th batch. Because there is no dis-
turbance at the 8th batch, the output rapidly converges to the ref-
erence trajectory again as shown in Fig. In Section we
mentioned that the error cannot go to zero if R is not zero. The exist-
ing ILMPC techniques cannot tune the weighting factor for juj*(t)
independently. They can tune the weighting factor for Au}’(t) or
Aou}*(t) where Aduj*(t) = ouj*(t) — éuj,(t). The roles of the
both weighting factors for Au}'(t) and Adu}’(¢) are related to the
convergence rate, not smooth input trajectory. Small or zero weight-
ing factor for Au}’(¢) for fast convergence may show extreme sensi-
tivity to high-frequency components of the output error [3]. If large
weighting factor for Au}’(¢) and R = 0 are used, a smooth input
trajectory is obtained from the controller in the early batch; if the
closed-loop error trajectory perfectly converges, the input trajectory
is calculated from the controller for perfect tracking. The input trajec-
tory for perfect tracking including the angular points generally shows
non-smooth trajectory. Hence, the weighting factor for Ju}’(¢) is re-
quired to obtain a practical input trajectory. Fig. shows the results
with respect to three cases (R = 0.1/, R = 0.01/ and R = 0) and
Fig. shows the convergence results. If we use S = 0.057, the out-
put error cannot go to zero within 1000 batches. Thus, in this case,

we used S = 0.017 for fast convergence.
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Figure 3.6: Convergence results with respect to different sizes of R (S =
0.011).

3.4 Conclusions

In this paper, we have proposed the iterative learning model
predictive control technique for real-time disturbance rejection of

batch processes. The proposed algorithm can independently tune the
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weighting factor for the rate of input change with respect to the time
index. We prove that the output error cannot go to zero if the weight-
ing factor for duj'(¢) is not zero. The example is provided to show
the effectiveness for disturbance rejection and iterative learning. Fur-
thermore, the simulation shows that the weighting factor for du}'(t)
should be able to be tuned independently for obtaining a practical

input trajectory.
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Chapter 4

Iterative Learning Control Combined with
Model Predictive Control for Tracking Specific

Points

In this chapter, we propose a point-to-point ILMPC technique
which can only consider the desired reference points, not an entire
reference trajectory. It does not require to generate a reference tra-
jectory which passes through the desired reference values. The exist-
ing ILMPC techniques aim to track a reference trajectory of repeti-
tive process on a finite time interval while rejecting real-time distur-
bances. In many repetitive processes, however, the output does not

need to track all points of a reference trajectory.

4.1 Introduction

Tracking an entire reference trajectory is not always necessary in
many applications such as a robotic “pick and place” task, crane con-
trol, rapid thermal process, and chemical batch reactor [[12} (13, [14].
Many systems only need to track the desired reference points, not
the entire reference trajectory which is generated to pass through the

reference points. An ILC technique that considers only the desired
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reference points is called point-to-point ILC (PTP ILC) and has been
studied recently [15) [16} [17]. Terminal ILC (TILC) has been also
studied for tracking terminal point only [12} [18} [19]. It is a special
case of the PTP ILC problem. These types of PTP ILC algorithms
are open-loop control within an iteration; thus, they cannot reject
real-time disturbances. If real-time disturbances should be rejected,
the PTP ILC algorithm needs integrating with a real-time feedback
controller. To overcome a similar issue, ILC combined with model
predictive control (MPC), called iterative learning model predictive
control (ILMPC), has been studied to reject real-time disturbances
in iteration systems [4} 55, 19, [75]]. However, the existing ILMPC al-
gorithms can be used when a reference trajectory on the entire time
sequences is prescribed.

In this chapter, we propose a PTP ILC algorithm combined with
MPC, called point-to-point iterative learning model predictive con-
trol (PTP ILMPC). The proposed PTP ILMPC algorithm can be ap-
plied only using the desired reference points without generating an
arbitrary reference trajectory passing through the desired reference
points. Furthermore, unlike the existing PTP ILC algorithms, it is
based on MPC which is a real-time feedback controller; hence it can
handle real-time disturbances. The proposed PTP ILMPC algorithm
involves input and output constraints. For output constraints soften-
ing, we introduce slack variable; thus, this algorithm ensures a feasi-
ble solution in the optimization step will always be found. In order to
guarantee the convergence of tracking error, the suggested approach
requires the error between measured and estimated outputs go to zero
for all time as the number of iterations goes to infinity. However, nei-

ther classical observer nor Kalman filter guarantees the estimation
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error converge to zero for all time points. To overcome this issue, it-
erative learning observer (ILO) is applied to the algorithm and it can
ensure that the estimation error go to zero for all time as the number

of iterations goes to infinity [90].

4.2 Point-to-Point Iterative Learning Model Predic-

tive Control

4.2.1 Extraction Matrix Formulation

In the PTP ILMPC framework, the outputs need to track the de-
sired reference points only. The reference time instants of the i-th
output and the reference values of the ith output are defined by the

set and the vector:
wl = {tlh Z27 ) tZNZ}

F =) i) rz‘(tgw)]T &1

where 0 < t} < th < --- < ti, < N, and N’ is the number of
reference points of i-th output and r* (t;) is the j-th reference value of
the i-th output. The vector of the reference values can be compactly

represented as

. Ti » 71f€ iv .:17 27 7N
i (7) Lifjey, g “2)
0 , otherwise

where r;'- is the jth component of a column vector r’. The outputs

should track the reference points. Thus, the outputs at the reference
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time instants are only require to remain in the prediction model, that
is, we only need to minimize the error of outputs at the reference time
instants. We formulate the extraction matrix which can only extract
rows corresponding to the reference points of the vectors and matrices
of the prediction model. The following set, U?, is the set of the unique
indices of the reference time instants for ¢-th output. It is based on the
lifted vector formulation. In the lifted output vector, the i-th output
of the j-th time point, y'(j), is the (n,j — (n, — i))-th component of
the lifted output vector y.

U= {nytil_(ny_i)a nyté_(ny_i)a sy Ty Z]'Vi_(ny_i)} (4.3)

Then, the union is defined as

v=| v (4.4)

i=1

The vector of reference values can be generated by the following rule.

v (Hsl) e W j=1,2, -, 0N s
I'j = ' .
0 , otherwise

where r; is the jth component of a row vector r and the components
of unspecified time instants are zero. For generating the extraction

matrix, we first should generate the following row vector z.

1 ,ifieWw,¢=1,2, -+, n,N
Z; = (4.6)
0 , otherwise
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where z; is the ¢-th component of a row vector z. The row vector
z should be modified as the following form because the proposed

algorithm is based on predictive control.

2Pt +1) = [Znyt+l Zngt42 Z?“LylH”ﬂyP] 4.7)

where 2,411 is the (n,t + 1)-th component of the vector z (4.6).

Finally, the extraction matrix is completed by the following rule.

1LifP(t+1) =1, S 2P(t+1) =i

ijj(t+1) = (4.8)

0 , otherwise

where Z(t + 1) is the (i, j) element of a matrix ZP(¢ + 1).

Example 4.1
Consider the MIMO system with two outputs, N = 5 and the fol-
lowing reference time instants.
Pl ={2, 4
(2. 4) 4.9)
V?* ={2, 5}
In this case, U?, W, z, and Z are as follows.
vl =1{3, 7} (4.10)
U? = {4, 10} (4.11)
¥ ={3 4,7 10} (4.12)
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220011001001] (4.13)

0 0 0

0 0 0
(4.14)

0 00

0 0 0

o = O O

10 0 0
01 0 0
0 0 00
0 0 0 0

_0 0_
0 0
0 0
0 1

If the current time is 2 and the prediction horizon is 2, 2P(t + 1)

and ZP(t + 1) are as follows.

2(t+1)=[0 0 1 0 (4.15)

ZP(t+1) = [0 0 1 o] (4.16)

4.2.2 Constrained PTP ILMPC

We can generate the vectors, the matrices, and the prediction
model for PTP ILMPC by using extraction matrix Z”(¢ + 1). Tilde
(7) denotes the vectors or the matrices which only have components
corresponding to the reference points. For example, G is used for

ILMPC and G is used for PTP ILMPC. The prediction model for
PTP ILMPC is given as

YOt + 1) = §2_ (t + 1) + GASuM(t) + FAZ,(t]t)  (4.17)

G=2°(t+1)G, F=ZP(t+ 1)F (4.18)

yi_(t+1) =2+ 1yt _(t+1) (4.19)
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The vector of reference values is generated in the same manner. 7 (¢ +
1) =2ZP(t+ 1)rP(t + 1).
Then we can design the PTP ILMPC controller with the follow-

ing objective function.

1¢ -
min et + 1) ||F + [[uf (@) + |ouf(@)|IF
pu sg(t+1)2{H H(t+1D[G + [ug" @)ls + [loug () Iz w20

 IAuE @R + I+ 1) |

where &2 (t + 1|t) = (¢t + 1) — y2(t + 1|t) and |z]§ = 2" Q. In
many control applications, input and output constraints are require to
ensure safety, smooth operations. In ILMPC controller, we consider

the following constraints for this purpose.

Wpin S u, (t) < ugx
5 mmgéuk()géum

max

Au™ < Au’(t) < Au™ @.21)
Ymin — Ex(t +1) SRt +1[1) S yio + et +1)
er(t+1)>0

where ¢} (¢ + 1), called slack variable, is defined such that it is non-
zero only if a constraint is violated, and ensures that a feasible so-
lution will always be found. It is referred to as constraints softening
(86, 87]. u}*(t), oup*(t), and Aduj*(t) in the objective function and
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constraints can be expressed with respect to Auj*(t) as follows:

wp' (t) = wily (¢) + Auy'(t)
Sul(t) = Loul  (¢) — Lag(t — 1) + I, AuP(t)  (4.22)
ASu (1) = —T,Aug(t — 1) + I AU (¢)

where
I 0O 0 --- 0 I
- I 0 --- 0
IL c Rnumxnum — 0 I I --- 0 ’ Ia c Rnumxnu =10
0 0o 0 --- 1 0
) ] (473)

where [ is the identity matrix with the size of n, X n,. The objec-
tive function can be rewritten by combining Au’(¢) and £} (¢ + 1).
The following is a standard quadratic programming (QP) problem for
constrained PTP ILMPC.

T

, 1| Au(t) HoOO0| | Aur(?)
min -
Aup(t), (1) 2 |l (t + 1 0 E||ef(t+1
o, & k(T ) Rt +1) @24)
f Au*(t
. P()
0| [eR(t+1)
subject to
Au(t
AR ACN VAR (4.25)
en(t+1)
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where

HATIG'QGI, +S+1'RI, + P (4.26)
f 2IGTQ |[FAZy(tt) — GL,Aug(t — 1) — &l (t+1)
(4.27)
+Su | (t) +TERI u (1) — TERI ug(t — 1)
C o
I 0
-1, 0
I, O
M“2 | -I, 0 (4.28)
I, O
~GI, -1
GI, -I
- 0 _I_

—upi, + g (2)

Ui — upt (1)
—oullt 4+ Ipul ((t) — Loug(t — 1)
oul —Ipul  (t) + Loug(t — 1)
M (1) = —Au” — T, Aug_i(t — 1)

Aull 4+ T Aup_(t —1)
—yP o+ yh (4 1) — GL Aug(t — 1) + FAZg(¢]t)
Ve — Vi 1 (t+ 1) + GL,Aug(t — 1) — FAzL(t|t)
0

(4.29)
where I is the identity matrix with the size of n,m x n,m. The op-
timization problem can be solved by appropriate QP solver. The first

input in the optimal sequence is sent into the plant.
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4.2.3 Iterative Learning Observer

We applied the ILO [90] to the PTP ILMPC, so that the con-
vergence of the PTP ILMPC can be guaranteed. We use the ILO to
estimate output, not state. For convergence, ¥ () = yi(t) — Gx(t[t)
should be zero for all time ¢ as £ — oo. General observer, however,
can guarantee y§ () — 0 as ¢ — oo. Hence the error of ;. (¢) — y(t|t)
always exists at the early time points. First, the state is estimated

along the time direction as follows:

Tp(t|t — 1) = Azp(t — 1|t — 1) + Boug(t — 1)
Ea(tlt) = an(tlt — 1) + K {ye(t) — Catlt — 1)}

(4.30)

where K is the time-wise observer gain for the system (2.5). The
additional input v, (¢) is added in the measurement update equation

for further correction in the direction of iteration.

Be(t]t) = Ze(tt — 1) + K {yn(t) = Ce(t]t = 1)} —op(t = 1)
(4.31)
Using the observer error x§(t) £ x4(t) — 24 (t|t) and the state space

model (2.5), the following state space model can be obtained.

ap(t+1) = A% (t) + vg(t)
Yi(t) = Ca(t)

(4.32)

where A° £ A — KCA. Now, it becomes a problem to find input
v (t) to satisfy y¢(t) — 0Vt as k — oo. It can be solved by general
ILC algorithm. We applied Arimoto-type ILC algorithm, so that an

ILO gain can be determined regardless of time-wise observer gain K
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because Arimoto-type ILC algorithm uses input and output matrices
only. In this case, the input matrix is the identity matrix and the output

matrix is C.

Theorem 4.1. Consider the linear system with x5,(0) = zf and
the following ILO input update law.

Uk(t) = vk-1(t) — Lyp_, (E+ 1) (4.33)

The y5(t) converges asymptotically to zero ¥t as k — oo if L is
chosen such that p(I — C'L) < 1, where p(-) is a spectral radius.

Proof First, the state space model (4.32) and the ILO input update
law (4.33)) can be recast as the lifted form.

v = G°v;, + Fea (4.34)
Vi = Vi1 — Ly} (4.35)
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where

C 0 -0 CA°

s | CA N S 25
CANT CAN? L CAN
'L 0 0]

I
0 0 L

vi 2 [ w@ s

Vi 2 [0(0) w(1) o (N - 1)

Substitution of Eq.(4.35)) into Eq.(4.34) yields
Yi = GVi1 — G°Lyj_, + Foag
Using yj_; = Gvi_1 + Fxg, the following can be derived:

Vi =I-GL)y;,

(4.36)

(4.37)

(4.38)

Thus, y§ — 0 as & — oo if L is chosen such that p(I — G°L) < 1.

where
[ I_cCL 0 |
—CA°L I—-CL
I- G°L =
—CAN-L —0AN2L ... T —CL
88
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Eigenvalues of the block triangular matrix (I — G°L) are identical
to the eigenvalues of the diagonal block (I — C'L), that is, p(I —
G°L) = p(I — CL). Thus, y§ — 0 as k — oo if L is chosen such
that p(/ — CL) < 1. |

4.3 Convergence Analysis

4.3.1 Convergence of Input Trajectory

This section presents the convergence proof for the constrained

PTP ILMPC under the following assumptions.

Al. There exists a feasible input trajectory u., such that e, = 0,

Umin S U S Umax and 511min S 5uoo S (Sumax-

A2. Output constraints are satisfied when input trajectory is con-

verged. Thus, €., (t) become zero V.

A3. The system has the same initial condition for all iteration and
shows the same output trajectory and the state trajectory under

the same input trajectory.
A4. Q, P, E, S and R are symmetric positive definite.

Lemma 4.1. IfQ, S, R and E are symmetric positive definite, then

la + 001G + lle + dlls + llellz + 11 <

2 2 2 2 2 2 ’ (440)
(1l + el + el + 1T + 1l + /1%
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Proof

la +BlIG + lle + dli§ + llell + 111 =

(a+0)"Q(a+b)+ (c+d)"S(c+d)+e"Re+ fTEf =
a’Qa+b"Qb+ c'Sc+d'Sd+ e Re + fTEf 4+ 2a7Qb+ 2c7Sd <
a’Qa+b"Qb+ ' Sc+d'Sd+ e Re + fTEf

+2¢/aTQar/bTQb + 2V T SeVdT Sd <

a’Qa+b"Qb+ c'Sc+d ' Sd+ e Re + fTEf

+2v/aTQa + T Sc+ eTRe + fTEf\/bTQb

+2y/aTQa + T Sc+ eTRe + fTEfVATSd + 24/bTQbVdTSd =
(VaTQa+ TSe+ TRe+ [TE] +/0TQb + \/dTSd>2 -

2
(Ml + 1l + el + 17T + el + /)

(4.41)
u

Theorem 4.2. Consider the assumptions Al-A4, the system (2.1)), the

ILO #.31) and the constrained optimization problem K.21).
Then, Aug(t) -0Vt €{0, 1, ---, N —1}ask — oc.

Proof We consider the objective function at time ¢ of the k-th itera-

tion

1 = m m
D (1) 25{“62(15 +1)G + w5 + loug (0)[1&

(4.42)
I Au @3 + bt + DI}
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and the minimizer of the optimization problem

Jt)=  min  B(t) >0 (4.43)

A (1), b (t+1)

subject to

e < ug (t) <uy,

1’1’1111

Aupi < Auj'(t) < Au]l (4.44)

Yo — Ep(t+1) <yt +1)t) < yh, +ep(t+1)
er(t+1)>0

We will use the fact that an optimal solution of an objective function
is always less than or equal to a feasible solution, then we will use
the k-th optimal solution for the (k + 1)-th feasible solution. First, we

define the following estimation errors

&SP (t 4 1]t) £ &0(t + 1) — &b (t + 1]t)

N (4.45)
viPt+ 1) =yt +1) — yo(t + 1t)

We can derive the (k + 1)-th prediction error and slack variable us-

ing (2.28), @.17), (@.44), (@.45)) and the above assumptions. The fol-
lowing is obtained using (2.28) and the definition, & L+ 1)) =

PP(+ 1) — yh o (L + 1),

&0 (t+1t) =& (t+1) — GASu, (1) — FAZ 4 (t]t)  (4.46)
Let (&) (t41|t), u™(t), €57 (t+1)) be the optimal solution for
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the k-th iteration. At the (k + 1)-th iteration, the optimal solution of
the k-th iteration until time ¢ is used for the (k + 1)-th iteration. Thus,

Aéuj?, ,(t) and Az (t|t) become zero because of the assumption
(A3). From the assumption (A3) and (4.43), we have

&0 (t+1t) = &l(t + 1Jt) + &7 (t + 1|t) (4.47)

Similarly, using (2.28)), (4.44) and (4.43)), we also have

it +1) =eh(t+1)+y. P (t+1]t) (4.48)

The following is a feasible solution but may not be optimal.

??‘*

Srp1(t + 1[t) = e5P(t + 1]t) + &XP(t + 1|t)

( )
0 (4.49)

N‘*

u};n—l—l (t

)
)
ouy’, (1)
)
)

I
ocqg

Auyl (¢

it +1) =P (t+ 1)+ y"(t +1t)

We have

Jra(t) < {H”‘p(t + 1) + &7+ 1) + ™ ()]s

+[loup™ ()R + ller” (¢ + 1) + y" (t + 1|t)||%}
(4.50)
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By LemmaM. 1] we have

[
st =410 S0l
2
/S 11 i HE>
( 70+ Sl i
S ||2)

(4.51)
which yields

VI () < V(1) +Z{\/ ||~ept+1|t)||%

/3y ||2}

By Theoremf.1] y;.* (¢ + 1|t) — 0 as k — oo. Furthermore, €} (¢ +
1]t) — 0 as k — oo because & (¢ + 1]t) = &2 (t + 1) — &l (t + 1]t) =
P(t+1) = ZP(t+ 1)y (t+1) —tP(t+ 1) + ZP(t + 1)yR(t + 1|t) =
—ZP(t + 1)y"(t + 1|t). The second term on the right-hand side of
is bounded for all k. Thus, we have

(4.52)

Ji(t) < J™ (1) < 0o Vk < 0 (4.53)

93



From (@ , we obtain

Tia(t) < Wm ) - SIAum @1

2
\/ l&57(t + 1)1 + \/ o (¢ + 110 ”E>

=J(t) = 1A )1

(\/ lexr(t + 1]t) H2 \/Hy (t+ 1)

1 om
+2\/Jk(t) — 5 lAw" (Ol

(\/ &t + 1)l + \/Hy (t+ 163

<Ji( t>——I|A RO

)
)
(e T
)

+ 24/ Jmax(t)

1 ~e
(\/2 DI + \/Hy (t+ 1103

(4.54)
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Then, it leads to

Jr1(2) Z HAU*m( )HP < Ji(t)

2
e, 1 .
+Z{<\/ [ pt+1|t)\|%+\/§Hyjp(t+1!t)||2E> 4.55)

N0

(\/ 55200+ 11 + 4 Sl e+ 1|t>||%3) }

where J™*(t), &7 (t + 1]t), and y; (¢ + 1|t) are bounded for all k
and t. Thus,

Jii1 (1) Z JAW™(1)[|p < oo (4.56)

Hence, Au,™(t) — 0, Vt as k — oc. [ |

4.3.2 Convergence of Error

So far we, we showed that ux(t) converges to u*(t), Vt as
k — oo. Now, we show that e,(¢) converges to e¢*(t) or 0, Vt as
k — o0. By the assumptions of A1 and A2, input constraints and out-
put constraints are respected as k — oo. Thus, constrained solution
and unconstrained solution become equal as k£ — co. Convergence is
proved using unconstrained solution. We consider full time-sequence
without real-time feedback because we are concerned with the error
of all reference points when the convergence is achieved. We define

uy, Aug, T, Vi, and €, as the vectors of full time-sequence. It can
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be derived by setting ¢ = 0 and m = p = N. Unconstrained so-
lution of the proposed PTP ILMPC is Au}'(t) = —H 'f where H
and f are (4.26)) and (@.27), respectively. In this section, we consider

full time-sequence at time 0 and non-active output constraints (output

constraints are satisfied), and thus we can set P = 0 of H and f can

be simplified as follows.

H=T1'G"QGI, + S + I RI,

o . (4.57)
f= —ILG Qer_1 +Su,_1 + ILRILuk,1

Theorem 4.3. Consider the linear system and the proposed PTP
ILMPC controller. é;(t) — 0 for all reference points as k — oo if
S =R = 0 where S and R are the weighting matrices of .

Proof In case of assuming full time-sequence, the unconstrained so-
lution of the proposed PTP ILMPC is as follows

Ay = H™! (I{GTQék_l ~ Suy_ — I{RILuk_l) (4.58)
where S, R = 0; thus,
Auy, = HITEGTQe; 4 (4.59)
By Theorem .2} if k — oo,
Au,, =0=H'T'GTQé, (4.60)

This implies that the final error satisfies €., = 0. ]

Theorem 4.4. Consider the linear system (2.1)) and the proposed PTP
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ILMPC controller. é;(t) — €*(t) for all reference points as k — oc.
Proof (4.58) can be rearranged as

w, = (I-H'S—H'T}RI;) w + H 'I.G"Qé 1 (4.61)
By Theorem if k — oo,

Uy = Hluoo + Hgéoo
(4.62)
- Hluoo + H2 (IN' - 5’00)

where
H 21-H'S-H 'TIJRI,

K o (4.63)
H, £ H'TLGTQ

(2.28)) can be expressed as the lifted form: y,, = Gp(SuOO = C‘rpILuC>O

with 24(0) = 0 where G,, is the plant matrix. Substitution of ¥, into

(@.62) yields
e = Hyuoo + Hy (7 - Gylus ) (4.64)
, which can be rearranged to
(T- Hy + Gy ) use = Ho (4.65)

Substituting (4.63) into the matrix in the left-hand side of (#.65)
yields

1-H, +HG,I =4 (I{GTQGPIL +ST ILRIL> (4.66)
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‘H of (4.57) and the second matrix of the right-hand side of (4.66))
have the same structure, and thus the matrix in the left-hand side of
(4.65) is invertible because the hessian (#) of the QP problem is

invertible. Thus,
- —1
u = (I ~H, + HQGpIL> i (4.67)

Finally, we can obtain the converged value of error (€*) by substitut-

ing into €, as follows

- - -1 (4.68)
= (1- 61 (T- H, + G, 1, ) H2> P

4.4 Numerical Examples

4.4.1 Example 1 (Linear SISO System with Distur-

bance)

The proposed algorithm is illustrated by the following plant

transfer function.

2.5
205 + 1)(155 + 1)

u(s) + d(s) (4.69)

yp(s):( 5s+1

where d(s) is disturbance input which enters the system at the 14th

and 15th iterations. The controller is designed based on the following
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Input

Figure 4.1: (Example 1) The performance of the proposed PTP ILMPC al-

gorithm.
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Figure 4.2: (Example 1) The disturbance rejection performance of the pro-
posed PTP ILMPC algorithm.
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Figure 4.3: (Example 1) Log scale convergence performance for the con-
strained linear SISO system.

model transfer function.

1.5

vm(s) = Gas T Dass 7 A (4.70)

Terminal time is 100 with the sampling interval of 1. We used the
following parameters for designing the controller: py = 100, my =
20, Q =1,S =10°%, R =P = 10°%I, E = 10*]. The ref-
erence time instants are 20, 40, 60, 70, 80, and 100. The vector of
reference valuesisr = |0 5 —3 —3 3 O]T. The following in-

put constraint is applied to the PTP ILMPC controller.
— 20 < ug(t) <20 4.71)

First, we need to determine the time-wise observer gain (K) and the

iteration-wise observer gain (L). K was obtained using Kalman filter
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Time

Figure 4.4: (Example 1) The performance of the proposed PTP ILMPC al-
gorithm under output constraint.
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in which the state noise covariance matrix was diag(0.1, 0.1, 0.001)
and the measurement noise variance was 0.001. CT(CCT)~! was
used for L such that p(/ — CL) < 1.

Fig. shows the performance of the proposed PTP ILMPC
algorithm in the early iteration. Although there is plant-model mis-
match, the tracking error is decreased as k increases. Fig. shows
the performance under the unknown real-time disturbance. The out-
put of the 13th iteration is converged to the reference points. Step
disturbance input with the size of 5 is entered at the time 35 of the
14th and 15th iterations. At the 14th iteration, the disturbance is re-
jected in time horizon. It is the main advantage of the proposed PTP
ILMPC. The existing PTP ILC algorithms cannot reject real-time dis-
turbance because they do not include real-time feedback controller.
At the 15th iteration, the output is converging to the reference points
by learning to reject previous disturbance. After the 16th iteration,
the disturbance does not enter to the system. Although there is no dis-
turbance, the tracking performance of the 16th iteration is decreased
because the controller learns to reject the previous disturbance from
the previous iteration; however, the output quickly converges to the
reference points with the real-time feedback. At the 17th iteration,
the output starts to converge to the all reference points again. Fig.
shows the maximum absolute error. Fig. 4.1 shows the large over-
shoot although there is no disturbance; thus, the following input and

output constraints are used to reduce the large overshoot.
—20 < ug(t) <20, —3.5 <yg(t) <55 (4.72)
The overshoot is reduced by applying output constraint as shown in
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Fig.

4.4.2 Example 2 (Linear SISO System)

This example shows that different output trajectories are created
by the controller according to different weighting factor R. The pro-

posed algorithm is illustrated by the following plant transfer function.

2.5
4s +1)(2s + 1)

Yp(s) = ( u(s) (4.73)
The controller is designed based on the following model transfer

function.
1.5

5s+1)(3s+1)

Ym(s) = ( u(s) (4.74)

Terminal time is 100 with the sampling interval of 1. We used the

following parameters for designing the controller.

p0:100, m0:50
Q=1,S=R=0,P=0.05], E=0

(4.75)

The reference time instants are 20, 40, 60, 70, 80, 100. The vector of

reference values is as follows.
} T
F— [o 5 -3 -3 3 o] (4.76)

Kalman gain and iterative learning observer gain were calculated in
the same manner as example 1. Fig. shows the result with R = 0
at 1st, 2nd and 30th batch.

In some case, the input trajectory may need to have a softer ap-
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Figure 4.5: (Example 2) The performance of the proposed PTP ILMPC al-
gorithm with R = 0.

pearance. Thus, we use R = 0.1 instead of R = 0 for the next simu-
lation. Fig. @ is the second simulation with R = 0.1 at 1st, 2nd and
30th batch. In Fig. 4.6 the output trajectory becomes a new trajectory
for passing through the reference points. If conventional controller is

used, a new reference trajectory through the points with a smooth
105
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input trajectory should be calculated.

Output Input
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Figure 4.6: (Example 2) The performance of the proposed PTP ILMPC al-
gorithm with R = 0.1.
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4.4.3 Example 3 (Comparison between the Proposed
PTP ILMPC and PTP ILC)

In this section, we compare the proposed PTP ILMPC method
with the existing PTP ILC method [[16]. The plant, model and param-
eters except for R are identical to those in Example 1. To compare
the two techniques, we set R = 0 and the reason is that the PTP
ILC method cannot tune a weighting factor R.. Fig. shows the
input and output trajectories of the two techniques in the first and sec-
ond iterations. The PTP ILMPC method converges faster because of
the real-time feedback. Fig. (4.8)) shows the results under the distur-
bance which occurs at the 5th iteration. The PTP ILC method does
not respond to the disturbance because it does not have real-time
feedback function. At the 6th iteration, PTP ILC learns to reject the
disturbance which occurred at the 5th iteration. However, the out-
put trajectory is farther from the reference points because there is no
disturbance at the 6th iteration. That is, PTP ILC tried to reject the
disturbance which did not exist. At the Sth iteration, the proposed
PTP ILMPC successfully rejects the disturbance. At the 6th iteration,
PTP ILMPC also learns to reject the disturbance which does not ex-
ist. However, the output trajectory quickly converges to the reference
points by real-time feedback. In Fig. (4.9)), the proposed PTP ILMPC
converges faster and is robust to the disturbance. Finally, we compare
the performance under output constraints. The PTP ILC method can-
not use output constraints. Thus, the output constraints technique we
used was applied to the PTP ILC and then compared two techniques.
The input trajectory which satisfies the output constraints depends

entirely on the accuracy of the model because the PTP ILC method
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is an open-loop control. The proposed PTP ILMPC method calcu-
lates the input value satisfying the output constraints in real time and
shows excellent performance. The proposed PTP ILMPC method is
superior to PTP ILC in output constraint, convergence rate and distur-
bance rejection performance. However, because PTP ILMPC needs
to perform optimization (quadratic programming) every step, it takes
longer calculation time than PTP ILC. If the sampling interval is suf-
ficient to solve the QP problem, the proposed method shows better

performance.
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4.4.4 Example 4 (Nonlinear Semi-Batch Reactor)

We consider a jacketed semi-batch reactor where exothermic

series-parallel first-order reactions occur [91].

A+BE 0, i =kCACp

) 4.77)
B + C —2> D, Tro = kQCBCC
The reactor system is
AT Qfeed UA
- = Trooqd —T) — T —T\—
AH 1 AH
1k106_%CAOB — 2]{7206_%0300
pCyp pCyp
dC ce _B
th = — Q{/ dOA — ]{3106 RT CACB
dc' ce _By
d_tB :Q{/ U (Cp jeca — C) — krpe” 7t CyCp— (4.78)
kgoe*%CBCc
dC ee _ &1 =2
c__ W 1 + kipe” 7 CaC — kpe™ 7 CpCl
dt %4
A 0,1f ¢ < 31 min
% :Qfeeda Qfeed(t> =
Qfeed(t), if t 2 31
with the initial conditions of 7'(0) = 298 K, Cx(0) =
1 mol/L, Cp = Ce = 0 mol/L, and V(0) = 50 L. The pa-
rameters are specified as follows: Tf..q = 308 K, CB feea

0.9 mol/L, UA/(pC,) = 3.75L/min, ki, = 5.0969 x 106 L/mol -
min, ks = 2.2391 x 10'7 L/mol - min, B, /R = 12305 K, E»/R =
13450 K, AH,/(pC,) = —28.5 K - L/mol, and AH,/(pC,) =
—20.5 K - L/mol.
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The manipulated variables are the feed flow rate of the reac-
tant B (Qfeeq(t)) and the jacket temperature (7;(t)). The controlled
variables are the reactor temperature (7'(¢)) and the yield of the de-
sired product (V' (t)Cc(t)). The first control objective is to main-
tain the reactor temperature at 308.15 K during the reaction period
(t = 30 ~ 80 min) and to terminate the reactor operation at 303.15
K. The second control objective is to achieve the yield of 42 mol for
the desired product at £ =100 min. Terminal time is 100 min with the
sampling interval of 1 min.

We used the following linear model to control the above system

where the four states and the second output are nonlinear.

[9.367 —1.300 —0.002 0.088 0.025]
1.631 —0.548 —0.003 0.076 0.027

z(t+1) = |0.003 —0.003 1 1 0 | ax(t)

0 0 0 1 0

0 0 0 0 1
[0.088 0.025]
0.076 0.027

+ | 1 0 | dux(t)

1 0

L O 1 _

Yi(t) =

0.680  0.734 0.001 0 O )
T
—49.855 46.189 0911 0 0

(4.79)
T
A linearized model was obtained at z;, = [298.15 1 01 100]

T
and us = [O 298.15] . Then, two states were removed by minimal

realization. Finally, the above state-space model was obtained using
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the state-space augmentation. The following input and output con-

straints are applied to the controller.

0.5 <Qfeea(t) < 1.5 L/min
|0Q feea(t)| < 0.5 L/min
293.15 <Tj(t) < 318.15 K (4.80)
0T5(t)] < 3K
T(t) < 311.15K

We used the following parameters for designing the controller: p, =
100, mo =40, Q =1, S=0, R =0.01, P = 0.02, and E = 10°].
Kalman gain was calculated using the state noise covariance matrix
diag(0.1, 0.1, 0.1, 0.01, 0.01) and the measurement noise covariance
matrix diag(0.001, 0.001). Iterative learning observer gain L was cal-
culated by C7(C'CT)~! in the same manner as example 1.

In Fig. the reactor temperature shows large overshoot when
the output constraint is not applied. Thus, we used the output con-
straint to reduce the large overshoot; however, the reactor temper-
ature reaches 311.9 K although the upper limit of the constraint is
311.15 K. The reason is that the output constraint is not hard con-
straint. If there is no feasible solution which satisfies both input and
output constraints, the output constraint is softened because of the
slack variable. The second reason is plant-model mismatch. The in-
put trajectories satisfying the output constraint are calculated using
the model. Notwithstanding the reasons, the output constraint is ef-
fective to suppress large overshoot. Fig. shows the results of the
Ist, 3rd and 50th iteration. The yields at terminal times of 1st, 3rd and
50th iterations are 38.366, 41.107 and 42.000, respectively. The reac-
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tor temperature is also successfully converged to the reference points
as shown in Fig. .12
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Figure 4.13: (Example 4) Log scale convergence performance for the non-
linear MIMO system.

4.5 Conclusion

This paper has proposed the novel control technique combining
ILC, MPC and PTP tracking problem, called PTP ILMPC. This algo-
rithm can track the reference points without generating reference tra-
jectory while learning by using the information of previous iteration.
Furthermore, the proposed algorithm can reject real-time disturbance
because it is combined with MPC controller. In this paper, we have
provided the algorithm for a linear time-invariant system. However,
the proposed algorithm for a time-varying system can be derived by
the same procedure. Two examples, linear SISO system and nonlin-
ear MIMO system, are provided to show the effectiveness of the PTP
ILMPC. Future work will consider time-delayed multi-rate sampled

data system.
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Chapter 5

Stochastic Iterative Learning Control for

Batch-varying Reference Trajectory

In this chapter, we present adaptive ILC schemes for discrete LTI
stochastic system with BVRT. In this case, if the state noise and mea-
surement noise exist,convergence rate and tracking performance are
degraded because the controller considers the difference arising from
the noise as tracking error. To deal with such a problem, we pro-
pose two approaches. The first is based on a batch-domain Kalman
filter, which uses the difference between the current output trajec-
tory and the next reference trajectory as a state vector, while the sec-
ond is based on a time-domain Kalman filter. In the second approach,
the system is identified at the end of each batch in an iterative fash-
ion using the observer/Kalman filter identification (OKID). Then, the
stochastic problem is handled using Kalman filter with a steady-state
Kalman gain obtained from the identification. Therefore, the second
approach can track the reference trajectories of discrete LTI stochas-
tic system using only the input—output information. Simulation exam-

ples are provided to show the effectiveness of the proposed schemes.
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5.1 Introduction

Iterative learning control (ILC) is an effective control scheme in
handling a system repeating the same task on a finite interval. Iter-
ative learning controller controls a system in batch or iteration do-
main, while general controller, PID, LQR or MPC, controls a system
in time domain. In the ILC, the input values for the entire time of
the next batch operation are computed using input and output val-
ues of the current batch. ILC was first introduced for robot manipu-
lators; in addition, it has been implemented in many industrial pro-
cesses such as semiconductor manufacturing and chemical processes
(3,490 13} 12, 162, 152]. Most of the ILC schemes focus on tracking
batch-invariant reference trajectory. Recently, several ILC schemes
have been studied for tracking batch-varying references [92, 93, 94],
and they use a recursive least squares algorithm to update the param-
eters iteratively along the batch index. Our previous work [93] also
handles a system with batch-varying references using lifted system
framework and iterative learning identification. However, these stud-
ies present methods for deterministic system only.

In this paper, we present adaptive ILC schemes for discrete lin-
ear time-invariant (LTT) stochastic system with batch-varying refer-
ence trajectories (BVRT). In batch processes (polymerization reac-
tor or rapid thermal process), reference trajectory can be changed
in case feed conditions, start up speed or shut down speed needs to
be varied. New reference trajectory can be calculated from off-line
optimization. In addition, products with various specifications can
be produced from the same system. For example, one etching sys-

tem in semiconductor manufacturing can produce wafers with vari-
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ous critical dimensions if the system can track BVRT. If the system
has BVRT, convergence property of ILC differs from traditional ILC
which aims at tracking an identical reference trajectory [95]]. In this
case, we should identify precise Markov parameters of system dy-
namics. Hence, we introduce iterative learning identification to sat-
isfy convergence condition. In case of stochastic system, the pres-
ence of noises decreases the convergence rate and performance. This
is because the controller considers noise as tracking error. To handle
these issues, we propose two Kalman filter-based approaches. In case
of batch-to-batch control problem, Kalman filter can be used in either
time-domain or batch-domain. We apply Kalman filter in both the do-
mains, and then compare the rate and tracking performance of the two
approaches. In the first approach, we use Kalman filter in the batch-
domain. Ahn et al. [88]] proposed Kalman filter-augmented iterative
learning control. This method can be applied only if a system has an
identical reference trajectory and a fixed learning gain matrix. Hence,
we extend the method to handle BVRT and batch-varying learning
gain matrix. In the second approach, system Markov parameters are
identified using the observer/Kalman filter identification (OKID) [96]
in an iterative learning manner. The OKID algorithm is numerically
efficient and robust with respect to measurement noise if the output
residual error is zero-mean and Gaussian noise [97]]. It also provides
steady-state Kalman gain and system Markov parameters. With the
steady-state Kalman gain, we can use the general Kalman filter in the
time-domain for handling stochastic issue without covariance infor-
mation of state and measurement noises. Therefore, the second ap-
proach uses only input-output information. The comparative results

of the two approaches are provided in Section [5.4]
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The rest of this paper is organized as follows: In Section the
deterministic ILC scheme for BVRT and convergence property are
presented. In Section[5.3] the two Kalman filter-based approaches are
proposed for handling stochastic issue. Then, numerical illustrations

are provided in Section[5.4] Section[5.5|provides concluding remarks.

5.2 ILC for Batch-Varying Reference Trajectories

5.2.1 Convergence Property for ILC with Batch-

Varying Reference Trajectories

First, we consider the following linear discrete time-invariant

system which operates on an interval ¢t € [0, N] :

5.1

where ;,(t) € R™ is the state vector; u(t) € R™ is the input vector;
yr(t) € RY is the output vector; ¢ is the time index; k is the batch
index; and the matrices A, B, and C are real matrices of appropriate
dimensions and assumed to be time-invariant. Because finite time in-
tervals [0, V] are considered in ILC, this system can be rewritten as a
lifted system:

Y. = Gyuy, (5.2)
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with 24,(0) = 0 and the plant matrix G, = R@)*(mN) defined as

[ B 0 e 0]
CAB CB - 0

G, = . . . . (5.3)
CAN-1B CAN-2B ... OB

and the vectors y, € R and u;, € R™" are defined as
T
ve= [l () W@ - w V)] (5:4)

uy, = [uZ(O) ui (1) -+ ul(N— 1)}T (5.5)

The system matrix G, is a Markov matrix with a lower triangular
Toeplitz structure.

The most general input update law of the conventional ILC
with batch-invariant reference trajectory is represented by u;; =
u; + H(r — y,) = u;, + He;, where H is a learning gain matrix, and
r is a reference trajectory. It is assumed that input trajectory for next
batch is calculated when the current batch operation is finished. Thus,
uy is calculated using available information uy, and y,.. In this case,
it is well known that e, — 0 as kK — oo if |-G, H]||, < 1 where Iis
the identity matrix [98]]. In the conventional ILC formulation, y, con-
verges to the same reference r for all batches. Hence, it is possible to
make the output converge as long as we know the values of the error
and the model satisfying the convergence condition. If the reference
trajectories are varied in batches, we should know not only the values

of the error but also the input variation necessary to move the output
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from the current reference rj, to the next reference ry ;. The desired

input of (k + 1)-th batch can be expressed as the following form:
d _ d
Wy =y (ug,, — uy) (5.6)
where uf_, is the desired input for next reference ryy;. With the

plant description of y, = G,u; and ry1; = Gpuf, |, Eq. (5.6) can

be rewritten as:

ul, = w4+ Gt — yy) (5.7)

In the ILC problem, it is assumed that the plant matrix G, is unknown
or not invertible. Hence, we introduce batch-varying learning gain

matrix to obtain input update law of the ILC for BVRT:

w1 =w, + Hy (v — i) (5.8)

Theorem 5.1. Consider the linear system and the ILC con-
troller (5.8). The system is convergent if Hy, is chosen such that
GH, =1

Proof The error at the (k£ + 1)-th batch is derived as

Tir1 — Yer1 = 1 — Gplp
= i1 — Gy [uy + Hi (e — yy)] (5.9
=Trp1 — Y, — G Herr 1 + G HLY,
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then, adding ((ry — rx) + (G,Hrr — G H,ry)) to Eq. (5.9) yields

e+ = e, — G,Hye, + Arpy — G HLAr

=(I1-G,H.)e. + (I -G, H.)Ar
( pHe)er + ( pHi) ATy (5.10)

k
= (I-GHy)"e; + Y (I—G,H) Ary o

=1

where Ary, 1 = ry1 — I. In this case, the system cannot be conver-
gent under traditional ILC convergence property, i.e., || I—G,H||oo <
1, because of the accumulated Ary on the error, and Arg,; cannot
be 0 since the reference trajectories vary for all batches. Therefore,
the second term should be zero for e, — 0. For this, the learning
gain matrix Hj, should be chosen such that G,H;, = I leading to
(I — G,Hg)Arg; = 0. ]

5.2.2 Iterative Learning Identification

To find the learning gain matrix H;, such that G, H; = I, we
should find the precise system Markov parameter matrix G,. We can

represent the input-output description in the following matrix form:

Y, =g,Us (5.11)

where
Y, = [yk(l) ye(2) - ?Jk;(N)} (5.12)
&:kBCM3m<mM%} (5.13)
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and

_ w(o)

If we find g, we can reconstruct the system Markov parameter ma-
trix G,. To compute g,, we can use the following system Markov

parameters update law similar to the input update law in Eq. (5.8).
g =g+ (Y — YoH! (5.15)

where Y, = g, U, and HY is the learning gain matrix of the system

Markov parameters.

Theorem 5.2. The estimated system Markov parameters g, is con-
vergent to the real system Markov parameters g, if HY is chosen
such that ||[I — U HY || < 1.

Proof The model error can be written in the following form:
Yii1 — Yirr = g,Ur1 — .Uk (5.16)
Substitution of Eq. (5.15)) into Eq. (5.16)) yields

Yo — Y = g, Ukt — |:gk—1 + (Y — ?k)Hﬁq Ui (5.17)
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Using Yi41 = g,Ug+1 and Yk,“ = g, Ui11, the following can be

derived:

(g, — ) U1 = (8, — 8y — 8, U:HY + g, UH)Upyy (5.18)

This equation can be rearranged to

(2, — 8)Usks1 = (8, — & 1) (I— UHY') Uy (5.19)

Then, it leads to the inequality

g, — & ll1Ukall < llg, — ges |l [T — UH' || [1Upgal] - (5.20)

Therefore, ||g, — gl — 0 as k — oo if Hy' is chosen such that
|T-UHY|| < 1. |

In this case, we can compute H}' using U}, such that U,H}! = 1.

Lemma 5.1. [99] Let U is an m x n matrix. Then, rank(U'U) =
rank(U).

Corollary 5.1. If U is an m x n matrix such that rank(U) = n, then
U'U is invertible. Therefore, there exists a least-squares solution if

U has a full column rank.

The upper triangular matrix Uy, with uy(0) # 0 has always a full
column rank; however, initial input u;(0) can be zero or very small
value. In this case, we cannot obtain least-squares solution or numer-
ical problem can occur. Hence, we compute H)’ using the pseudo
inverse of Uy, UL, based on the singular value decomposition (SVD).

Therefore, we use the pseudo inverse of Uy, as the learning gain matrix
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Figure 5.1: The scheme of the deterministic ILC for batch-varying reference
trajectories.

H} of the system Markov parameters. Finally, the following system

Markov parameters update law is obtained.
g =g+ (Y- Yi) Ul (5.21)

5.2.3 Deterministic ILC Controller for Batch-Varying
Reference Trajectories
We can design the ILC controller by the following objective

function.

. 1
IanZQ{éﬁ%H} (5.22)

All]H_l
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First, we need to derive e to use the objective function. The input-

output relationship between two adjacent batches is
Yir1 = Yi T GpAug, (5.23)

then, adding (rx+1 — ) to Eq. (5.23), the following error dynamics

can be obtained.
€1 =€, — GyAu + 14 — 1y (5.24)

Substituting Eq. (5.24)) for e, in Eq. (5.22) with 0J/0Au;,1 = 0
yields

W = 0+ (G1G,) ' G (ras — ) (5.25)

Because the precise plant Gy, is unknown, we use Gy, instead of G,
because G, — G, if & — oo from Theorem [5.2| where Gy, is recon-
structed using g; (5.21). Then, we have the following input update
law of the deterministic ILC for BVRT.

Upp = Uy + (GgGk)il Gy (Trs1 — ¥y) (5.26)
=, + Hy, (rp1 —yy)

Otherwise, the learning gain matrix Hy can be obtained from the con-
vergence property G,Hj, = Iin Theorem[5.1] Using the least squares
solution, we can obtain the learning gain matrix H;, = (Gng)*le
directly. Then, G,, can be replaced by Gy, from Theorem 5.2} The pro-
cedure of the deterministic ILC for BVRT is illustrated in Fig.[5.1]
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5.2.3.1 Quadratic criterion-based ILC for batch-

varying reference trajectories

In many ILC designs, the following quadratic objective function

involving both regulation error and input change is applied [3].

) 1
Jin J=3 {ef,1Qexr1 + Aup  RAuy,, } (5.27)
By solving the quadratic objective function, we can obtain the fol-

lowing quadratic-criterion-based ILC (Q-ILC) input update law.
-1
o =uw + (GLQGL +R)  GLQ (re1 — y,) (5.28)

Unlike typical ILC for batch-invariant reference trajectories, in the
ILC for BVRT, input signal does not converge to a specific signal
because the reference trajectories are changed along the batch index.
Therefore, input penalty term on Q-ILC obstruct the convergence.
That is, larger input weighting factor R shows worse convergence
performance. According to Theorem [5.1]and Eq. (5.28), convergence
property of the Q-ILC controller takes the following form and we
can assume that convergence of the Markov parameter matrix Gy, is

complete if k& — oo.
1-G(G"QG+R) 'GTQ=10 (5.29)

where 0 denotes the zero matrix. To satisfy the above equation, all the
eigenvalues of the left-hand side should be zero. The left-hand side

can be expressed as the following form using matrix inversion lemma
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[100].
(I+GR'GTQ) ' =0 (5.30)

In this case, the eigenvalues of the left-hand side cannot be zero.

1

0,Vi
1+)\1 (GRflGTQ) 7é , V1

A ((T+GRIGTQ) )| =

(5.31)
Therefore, convergence performance of the Q-ILC with BVRT de-
creases as the input weighting factor R increases. Comparison of

convergence performance according to the size of R is illustrated in

Fig.[5.8]of Section

5.3 ILC for LTI Stochastic System with Batch-Varying

Reference Trajectories

We consider the following linear discrete time-invariant stochas-

tic system operating on an interval ¢ € [0, N

z(t + 1) = Axy(t) + Bug(t) + T'w(t)
yk(t) = C:L‘k(t) + ’U(t)

(5.32)

where wy(t) is the state noise; vg(t) is the measurement noise and I
is the state noise matrix. In the ILC controller for stochastic system,
noises are included in the input update equation (5.26)). Thus, conver-
gence rate and performance are reduced since the controller considers
the noise as tracking error.

In this paper, two Kalman filter-based approaches are proposed

to deal with the stochastic issue. The first approach is based on the
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Figure 5.2: The scheme of the batch-domain Kalman filter-based stochastic
ILC for batch-varying reference trajectories.

Kalman filtering on the batch-domain. The second one is based on the
Kalman filtering on the time-domain using the steady-state Kalman

gain obtained from the observer/Kalman filter identification (OKID).

5.3.1 Approach 1: Batch-Domain Kalman Filter-
Based Approach

Suppose that there exist state noise, wi ~ N(0,Q), and mea-

surement noise, v ~ N (0, R), in input update law and input-output

relationship, respectively [88]. By defining E; = ry1; — y, we can

obtain the following relationship:
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Upy1 — Ug + HkEk + Wy (533)

Vi =Y+ Vi = Groug + vi (5.34)
Erpn = Ep + 130 — 11 — Grugr + Gy, (5.35)
Ei=rp1 — Yk = Er — v (5.36)

where y;, is a true output and yy, is a measured output. If the measured
output is applied to the input update equation directly, the equation is

affected by the state and measurement noises as follows.

Wit =0y + HyEp + wy = wy, + HGEy, — Hyvy + wy,

o =y, + HyEp — Hypvie + wy + Hpp By — Hip i vien + win
(5.37)

Input signal should be updated using u and HE, not Hv and w.

Therefore, the input signal should be updated using filtered output

yy, or filtered difference E;. Substitution of Eq. into Eq.

yields

Eii1 = (I— GyHp)Eg +rppo0 — rrp — Grug + Giojug, — Gewy

(5.38)
Because G;Hj can be assumed to be the identity matrix and G_uy
goes to y as k — oo from the iterative learning identification, we

can obtain the following state-space model in the batch-domain.

pi2

Eip1 = —-E, + [I —Gk] [ ] — Gpwy,

Uy (5.39)

E,=E; — vi
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The Kalman filter equations are presented as follows.

* Batch update (Prediction)

R . r
w1 = —Er + [I _Gk] e
Uy (5.40)

Py, — Py + GiQG!

* Measurement update (Correction)

K,=P, (P, +R)!

Er = E; + Ki(E, — E;) (5.41)

P, =(I1-K;,)P,
where P, and K, are the error covariance matrix and Kalman gain,
respectively. Gy in the Kalman filter equation is the same form as Gy,
in the deterministic process because GGy, consists of impulse response
coefficients which are deterministic parts in the LTI stochastic pro-

cess. Therefore, Gy, is updated using iterative learning identification
1i and estimated state E;, is used for input update law as follows:

W1 = u; + HyEy (5.42)

The procedure of the approach 1 is summarized in Fig.[5.2]
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Figure 5.3: The scheme of the time-domain Kalman filter-based stochastic
ILC for batch-varying reference trajectories.
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5.3.2 Approach 2: Time-Domain Kalman Filter-Based
Approach

5.3.2.1 Identification of Observer/Kalman filter
Markov parameters (OKID)

This algorithm computes the Markov parameters of an observer
or Kalman filter from experimental input and output data [96].

Add and subtract the term My(t) to the right-hand side of the
state equation, Eq. (5.1), to yield

xp(t +1) = Axp(t) + Bug(t) + Myx(t) — Myg(t)
= (A+ MC)zy(t) + Buy(t) — Myx(t) (5.43)
= Az (t) + Buy(t)

where
A=A+ MC
B:b-ﬂd
(5.44)
i uk(t)]
U =
Yr(t)
The input-output description in matrix form becomes
gxN (g+m)pxN
Y. = 8k Uy (5.45)
ax(g+m)p
where
Yi= () w(@ o ow) o w)
- o (5.46)
g =|CB CAB ... CAB



and

6(0) (1) @w(2) an(p — 1) (N —1)]
ur(0) (1) ur(p — 2) ur(N —2)
Uk - Uk(O) uk(p — 3) l_bk(N — 3)
i ﬂk(O) v I_Lk(N — p)_
(5.47)

The first p Markov parameters approximately satisfy g, =
Yk[_JJ,L and the approximation error decreases as p increases. To find
g iteratively, we can use the following system Markov parameters

update law introduced in Section[5.2.2]
gk =8r—1+ (Yr — ?k)ﬁz (5.48)

To recover the system Markov parameters in g from the ob-

server Markov parameters in gy, the following notation is used.

g = |CB CAB - CAP_IB} = [gk,o k1 0 Brp-1
(5.49)
where
g = CA'B
— [O(A +MCYB —C(A+ MO)'M (5.50)
= |:gkll) gl(ch)]
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ters and observer Markov parameters is

)

gry = CA'B = g;il; + Z gz(fl 8hi—i—1 (5.51)

Eq. (5.51) can be rewritten in the following matrix form:

51

I £k,0 8,0
_(2 _(1
—g,(ﬁé I k.1 g;(c,i
— —(2 —(1
I I g2 | = | B
—(2 —(2 —(2 —(1
_gl(c,z))—Q _gl(c,z))—?) —g,ﬁ,,))_4 e I_ | 8kp—1 | _gl(c,;))—l_
(5.52)

Note that identity matrix I and all g,(fj are ¢ X g square matrices; there-
fore, unique system Markov parameters can be computed by using
inverse matrix. Then, the system Markov parameters, gy, ;, are used in
a Hankel matrix to identify A, B, and C by the eigensystem realiza-
tion algorithm (ERA). The obtained A, C, and the observer Markov
parameters, g,(ji), are used to calculate steady-state Kalman gain, K.

For further details and proof, see the references [101, [102].

5.3.2.2 Input update law using filtered output

In section [5.3.2.1] we obtained the state space model (A4, B, C)
for computing the learning gain matrix H;, and steady-state Kalman
gain (K) using iterative OKID and ERA, and therefore the filtered
output can be computed without recursive calculation. Kalman filter

equation for the time and measurement updates are presented as fol-
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lows.

Z, (t) = Azg(t — 1) + Bug(t — 1)  : Time update
T(t) = &, (t) + Klye(t) — CZ, (t)] : Measurement update

Uk(t) = C2x(2) . Filtered output
(5.53)

where 7, (t) is predicted a priori state estimate, () is updated a
posteriori state estimate. By substituting the time update equation
into measurement update equation, we can obtain the following equa-

tion:

Tr(t) =AZp(t — 1) + Buy(t — 1)
+ K {yn(t) — C[A&y(t — 1) + Bug(t — 1))}
—(A— KCA)ay(t — 1)+ (B — KCB)ug(t — 1) + Kyi(t)
=Agip(t — 1) + Brup(t — 1) + Kyg(t)

Ur(t) =Czx(t)
(5.54)
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where Ay = A — KCA and Bx = B — KCB. These equations for

a sequence of time steps can be written as

@k(l) CBK Uk((])
Ir(N) CAR By CAN?Br -+ OBg| |un(N —1)
- - [ 1 |
CK ykEQ;
CAcK — CK Yk
+ . . yr(3)
CANK CAN2K ... OK :
L K K i yk(N)
"~ (5.55)
91 = Gruy, + Kyy, (5.56)

We can use the following input update law using the filtered out-
put yy.
1 = uy, + Hy(rp — 9n) (5.57)

The procedure of the approach 2 is illustrated in Fig. [5.3]
5.4 Numerical Examples

5.4.1 Example 1 (Random Reference Trajectories

The proposed algorithms are evaluated using the following lin-

ear discrete time-invariant system (5.58)) converted from the transfer
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Figure 5.4: The tracking results of the deterministic ILC for batch-varying
reference trajectories from second batch to sixth batch (Example 1).
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Figure 5.5: The tracking results of the batch-domain Kalman filter-based
stochastic ILC for batch-varying reference trajectories from second batch to
sixth batch (Example 1).
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Figure 5.6: The tracking results of the time-domain Kalman filter-based
stochastic ILC for batch-varying reference trajectories from second batch
to sixth batch (Example 1).
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Figure 5.7: Comparison of the norm of error profiles of the proposed ap-
proaches (Example 1).
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Figure 5.8: Convergence performance according to weighting factor (R) of
the Q-ILC controller (Example 1).
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function G(s) = 1.5/(16s? 4+ 10s + 1).

0.5145 —0.0460 0.7359 1
0.7359  0.9745 0.4082 1
ue(t) = [0 0.0038) 2i(t) + vi(t)
(5.58)
which operates on ¢ € [0,1,---,500] and wg(t) ~

N(0,0.01), we(t) ~ N(0,1.5). @ and R are 0.01 and 1.5,
respectively. BVRT are produced using the following random

trajectory generator.

t t t
ri(t) = 10 | sin | — | + sin? <—> + sin® (—ﬂ 5.59
+() { <d1,k> da ds -9

where d; 1, da 1, and d3 ;, are random integers from the uniform distri-
bution between 20 and 90, changed along the batch index.

First, deterministic ILC for BVRT presented in Section[5.2.3|was
applied to the given stochastic system. A unit step input was used for
the first batch. To use the input update law for the second batch,
learning gain matrix H; = (GTG,)"'GT was computed using iter-
ative learning identification (5.21). Then, the input update law
was applied to find the second input trajectory. Fig. 4 shows the sim-
ulation results of the deterministic ILC for BVRT from the second
to sixth batches. The result shows good tracking performance even if
reference trajectories vary with every batch. However, outputs have
larger noise than inherent noise in the system because deterministic
ILC for BVRT does not consider the noise effect.

Before simulating two Kalman filter-based ILC for BVRT pro-

posed in Section[5.3] we should calculate the norm of inherent noise
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(state and measurement noises) in the stochastic system. In this pa-
per, convergence performance is evaluated using the norm of error,
which cannot go to zero in the stochastic system because inherent
noise cannot be eliminated. Thus, the norm of error in the stochas-
tic system can converge up to the norm of inherent noise. In order
to calculate the norm of inherent noise, we have to pre-calculate the

covariance of output vector as in the following steps.

E[Ik(t + 1)$k(t + 1)T] = AE[l‘k(t){L‘k(t)T]AT -+ FQFT
Elyx(t)yx(t)"] = CE[zx(t)zx(t)T]CT + R

o . (3.60)
= CATQI"(A")'C" + R

=0

= R,(1)

Defining R, = diag{R,(1),R,(2),---,R,(500)}, the norm of
stochastic vector yy is, |yx|| = \/E[yfys] = /trace(R,) = 27.49.
Hence, the lower bound of the norm of error is 27.49.

The simulation results of batch-domain Kalman filter-based ILC
for BVRT proposed in Section[5.3.1are shown in Fig. 5. In this case,
the convergence rate is slower than that of the deterministic ILC
for BVRT because several batches are required for convergence of
Kalman filter in the batch-domain. However, it shows better conver-
gence performance than deterministic ILC for BVRT. Finally, Fig. 6
shows the simulation results of the time-domain Kalman filter-based
ILC for BVRT. Comparison results of the deterministic approach,
batch-domain and time-domain Kalman filter-based approaches are
are shown in Fig. 7. Both the Kalman filter-based approaches are

convergent up to the lower bound of the norm of error unlike de-
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terministic approach, but the time-domain Kalman filter-based ap-
proach shows faster convergence rate. This is because steady-state
Kalman gain is used in the approach 2. In addition, the approach 2
can converge without using covariance information. Thus from nu-
merical simulations, we can conclude that second approach is better
than the first.

In Section we mentioned that convergence performance
decreases as input weighting factor R of Q-ILC controller increases.
Learning gain matrix (G} Gy) 'G} of the time-domain approach
was replaced by the quadratic criterion-based learning gain matrix
(GLIQG+R)'G]Q, and the simulation was performed using var-
ious size of R, fixing Q = I. As the size of R increases, convergence

performance gradually diminishes as shown in Fig. 8.

5.4.2 Example 2 (Particular Types of Reference Tra-
jectories
We consider temperature control of a linearized batch reactor

where a second-order exothermic reaction A — B takes place [5]].

It is assumed that temperature of a cooling jacket is directly manipu-

lated.
dT(t) _ OAHVECAO _g/rT,  UA T(t)
dt MC, R T MC,
ZAHY UA
Mc koCaoe /P C 4 (t) + MC, i, 0+ will)
ACA) _ 3 E o pimtu () — oy g™/ (1) + ()

dt R T}
(5.61)
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The following values were used for the parameters:

A
]\ZCP =0.09 (I/min)
AHV
= —164 (K l
Ac, 64 (K 1/mol)
ko = 2.53 x 10' (I/mol min) (5.62)

E

— =1 K

I 3,550 (K)

Ty =25(°C)
Cao =0.9 (mol/l)

which operates on ¢ € [0, 0.2, ---, 100] and wy(t) ~
N(0, 0.0001), wy(t) ~ N(0, 0.001) and measurement noise v(t) ~
N(0, 0.1). Reference trajectory of batch reactor can be changed for
different feed concentration, operating condition or reducing opera-
tion time. In this case, we consider three types of reference trajec-
tories, which are for normal operation (Ist, 2nd and 3rd batches),
faster shut down (4th and 5th batches) and faster start up (6th and 7th
batches) then, trajectories are repeated in a same order. Application
process is the same with the example 1, but it is assumed that we ob-
tained a unit step input and a step response before computing a input
signal of a first batch. For calculating the lower bound of the norm
of error for the example 2, we should convert the state noise covari-
ance for the continuous time system to the covariance for the discrete
time system. Then, we can obtain the lower bound of the norm of
error, ||yx|| = 7.57, using Eq. (5.60). Fig. and show
the tracking results of one deterministic approach and two stochas-

tic approaches. Simulation results of example 1 and 2 show similar
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convergence trends as shown in Fig. As with the previous ex-
ample, the time domain Kalman filter-based approach shows better
convergence performance than the batch domain Kalman filter-based

approach.

5.5 Conclusion

This paper has presented adaptive ILC schemes for discrete LTI
stochastic system with BVRT. For handling stochastic issue, we have
developed two approaches. In the first approach, we suppose that
there exist state noise in input update law and measurement noise
in input-output relationship for defining the stochastic state-space
model. Using defined state-space model, updated term ry,; — yj in
the input update law is estimated using batch-domain Kalman
filter. In the second approach, pure output signal for input update is
estimated using time-domain Kalman filter. Markov parameters and
steady-state Kalman gain are calculated in the iterative OKID step.
The calculated Markov parameters are used for generating learning
gain matrix and the steady-state Kalman gain is used for time-domain
Kalman filter. Because the steady-state Kalman gain is computed in
the iterative OKID step, the Kalman filter can be applied without co-
variance information. Both the approaches show similar convergence
performance but the second approach shows faster convergence rate.
Future work will consider nonlinear systems to cover wider operation

ranges.
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Figure 5.9: The tracking results of the deterministic ILC for batch-varying
reference trajectories from second batch to sixth batch (Example 2).
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Figure 5.10: The tracking results of the batch-domain Kalman filter-based
stochastic ILC for batch-varying reference trajectories from second batch to
sixth batch (Example 2).
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Chapter 6

Conclusions and Future Works

6.1 Conclusions

In a batch, cyclic, repetitive or iteration process, perfect tracking
of a time-varying reference trajectory cannot be achieved with con-
ventional control techniques because of highly nonlinear dynamics
and model uncertainty. To address this issue, many ILC algorithms
have been developed. In this thesis, we propose the standard form of
ILMPC technique. The proposed ILMPC is similar to conventional
MPC and includes all advantages of MPC and ILC; thus, many tech-
niques for conventional control method can be applied without par-
ticular modification. However, it is not always desirable that the out-
put error converge to zero. An input trajectory for perfect tracking
including vertices of a reference trajectory may have a non-smooth
trajectory. For convergence with non-zero error, we use a generalized
objective function to independently tune weighting factors of manip-
ulated variable change with respect to both the time index and batch
horizons. The major contribution of this thesis is to propose a novel
ILMPC for tracking specific desired points without generating a ref-
erence trajectory passing through the specific desired points. Track-

ing an entire reference trajectory is not always necessary in many
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applications. To address this issue, we introduce an extraction matrix
that extracts only the components related to specific points. Then, we
design the PTP ILMPC algorithm using the extraction matrix. Track-
ing reference trajectories, disturbance rejection and convergence were

found to be successfully achieved in all the cases.

6.2 Future work

There are several directions for further work based on the sug-

gested framework in this thesis. They include:

e PTP ILMPC combined with economic MPC: If the output can
converge to specific points, there is more degree of freedom be-
cause there is intervals where the output does not have reference
trajectory to track. In the interval without reference trajectory, it
may be possible to calculate the input trajectory that maximizes

economic efficiency.

e PTP ILMPC combined with length-varying ILC: In many batch
processes, shortening the operating time means improving the
economy. The proposed PTP ILMPC method assumes the same

operating time; thus, the assumption needs to be relaxed.
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