Approaches to the Design of Model Predictive
Controller for Constrained Linear Systems
With Bounded Disturbances

Wang Chen

Department of Mechanical Engineering

A thesis submitted to the National University of Singapore
in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

2009



https://core.ac.uk/display/48631304?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

Statement of Originality

I hereby certify that the content of this thesis is the result of work done by me and has

not been submitted for a higher degree to any other University or Institution.

Date Wang Chen



Acknowledgments

I would like to express my sincere appreciation to my supervisor, Assoc. Prof. Ong
Chong-Jin, for his patient guidance, insightful comments, strong encouragements and
personal concerns both academically and otherwise throughout the course of the re-
search. I benefit a lot from his comments and critiques. I would also like to thank
Assoc. Prof. Melvyn Sim, whom I feel lucky to known in NUS. A number of ideas in

this thesis originate from the discussion with Melvyn.

I gratefully acknowledge the financial support provided by the National University of
Singapore through Research Scholarship that makes it possible for me to study for aca-

demic purpose.

Thanks are also given to my friends and technicians in Mechatronics and Control Lab
for their support and encouragement. They have provided me with helpful comments,

great friendship and a warm community during the past few years in NUS.

Finally, my deepest thanks go to my parents and especially my wife Chang Hong for
their encouragements, moral supports and loves. To support me, my wife gave up a lot

and she is always by my side during the bitter times. I love you forever.

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



il

Abstract

This thesis is concerned with the Model Predictive Control (MPC) of linear discrete
time-invariant systems with state and control constraints and subject to bounded distur-

bances.

This thesis proposes a new form of affine disturbance feedback control parametrization,
and proves that this parametrization has the same expressive ability as the affine time-
varying disturbance (state) feedback parametrization found in the recent literature. Con-
sequently, the admissible sets of the finite horizon (FH) optimization problems under
both parametrization are the same. Furthermore, by minimizing a norm-like cost func-
tion of the design variables, the MPC controller derived using the proposed parametriza-
tion steers the system state to the minimal disturbance invariant set asymptotically, and
this minimal disturbance invariant set is associated with a feedback gain which is pre-

chosen and fixed in the proposed control parametrization.

The second contribution of this thesis is a modification of the original proposed affine
disturbance feedback parametrization. Specifically, the realized disturbances are not
utilized in the parametrization. Hence, the resulting MPC controller is a purely state

feedback law instead of a dynamic compensator in the previous case. It is proved that
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under the MPC controller derived using the new parametrization, the closed-loop system
state converges to the same minimal disturbance invariant set with probability one if
the distribution of the disturbance satisfies certain conditions. In the case where these
conditions are not satisfied, the closed-loop system state can also converge to the same

set if a less intuitive cost function is used in the FH optimization problem.

The third contribution of this thesis is the generalization of affine disturbance feedback
parametrization to a piecewise affine function of disturbances. Hence, larger admis-
sible set and better performance of the MPC controller could be expected under this
parametrization. Unfortunately, the FH optimization problem under this parametriza-
tion is not directly computable. However, if the disturbance set is an absolute set, deter-
ministic equivalence of the FH optimization problem can be determined and is solvable.
Even if the disturbance set is not absolute, the FH optimization problem can still be
solved by considering a larger disturbance set, and the resulting controller is not worse
than the one under linear disturbance feedback law. In addition, minimal disturbance

invariant set convergence stability is also achievable under this parametrization.

The fourth contribution of this thesis is a feedback gain design approach. Since asymp-
totic behavior of the closed-loop system under any of the proposed parametrization is
determined by a fixed feedback gain chosen a priori in the parametrization, one method
of designing this feedback gain is introduced to control the asymptotic behavior of the
closed-loop system. The underlying idea of the method is that the support function of the
minimal disturbance invariant set and its derivative with respect to the feedback gain can

be evaluated as accurately as possible. Hence, an optimization problem with constraints
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imposed on the support function of the minimal disturbance invariant set can be solved.
Therefore, a feedback gain can be designed by solving such an optimization problem
so that the corresponding minimal disturbance invariant set has optimal supports along

given directions.

Finally, MPC of systems with probabilistic constraints are considered. Properties of
probabilistic constraint-admissible sets of such systems are studied and it turns out that
such sets are generally non-convex, non-invariant and hard to determine. For the pur-
pose of application, an inner invariant approximation is introduced. This is achieved
by approximate probabilistic constraints by robust counter parts. It is shown that under
certain conditions, the inner approximation can be finitely determined by a proposed al-
gorithm. This inner approximation set is applied as a terminal set in the design of MPC
controllers for probabilistically constrained systems. It is also proved that under the re-
sulting controller, the closed-loop system is stable and all of the constraints, including

both deterministic and probabilistic, are satisfied.
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Chapter 1

Introduction

This thesis is concerned with the control of systems under the Model Predictive Control
(MPC) framework. It focuses on the design of MPC controller for a discrete time-
invariant linear system with bounded additive disturbances while fulfilling state and
control constraints. These constraints are either deterministic (hard) or probabilistic
(soft) in nature. The rest of this chapter provides a review of the literature on this

problem.

1.1 Background

Many control strategies developed around the 1960s do not explicitly take uncertainties
into account. Typically, the robustness of the closed-loop system is described by notions

such as gain margin and phase margin. Another common feature of those strategies is
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that constraints are also omitted in their design consideration. However disturbances
and physical constraints, such as actuator saturation, maximal speed of a motor, minimal
return of an investment, etc, are always important constraints in practice. Omitting these
in the controller design may lead to a state or control action that violates them and result

in unpredictable system behaviors or even physical damage to the systems.

Researchers began to focus on the control of constrained and disturbed systems after
the 1960s. The control of such systems has been addressed intensively in the literature,
and various methods have appeared, such as anti-windup control, reference governor,
switching control and several others, see [1, 2, 3, 4, 5, 6, 7, 8]. Among them, a popular
approach is Model Predictive Control, see [9, 10, 11, 12, 13, 14, 15, 16] and the refer-
ences cited therein. This approach has been widely applied in industries [17], especially
in the process industry since the 1980s. The basic idea of MPC is quite simple and can
be found in several textbooks on optimal control theory [18, 19, 20]. In particular, Lee

and Markus in [20] described the underlying idea of MPC as follows:

“One technique for obtaining a feedback controller synthesis from knowl-
edge of open-loop controllers is to measure the current control process state
and then compute very rapidly for the open-loop control function. The first
portion of this function is then used during a short time interval, after which
a new measurement of the process state is made and a new open-loop con-
trol function is computed for this new measurement. The procedure is then

repeated.”
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According to the above description, a model of the “control process” is available to pre-
dict the system behavior, and one practical and useful control process is that described

by a linear time-invariant difference equation

x(t+1) = Ax(t) + Bu(t) (1.1)

where x(¢) € R”, u(t) € R™ are the state and control of the system at time ¢, respectively,

(A, B) are appropriate matrices. The state and control are subject to a constraint

(x(t),u(t)) €Yy c R (1.2)

where Y represents the joint state and control constraint imposed on the system. The
MPC approach designs a control law by looking ahead N steps at a time. Let the control

in the N steps be

u(t) == {u(0)r),--- ,u(N — 1]r)} € RN™ (1.3)

where u(ilt) € R™ is the predicted control i steps from time 7. Let x(i|t) be the ith

predicted state within the N steps and collect all the predicted states in,

x(t) = {x(0ft),--- ,x(NJr)} e RN+ (1.4)
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The MPC approach computes u(¢) using a cost function of the form

N—-1

J(x(t),u(r)) := Z C(x(i]t),u(ilt)) + F(x(N|t)), (1.5)

i=0

where ¢(-,-) and F(-) are appropriate stage and terminal costs, respectively. The pre-
dicted control sequence can be determined by solving the following finite horizon (FH)

optimization problem, referred to as Py (x(t)),

min  J(x(¢),u(z)) (1.6a)

u(t)

s.t. x(0]t) = x(1), (1.6b)
x(i+1|t) = Ax(i|t) + Bu(i|t), Vi € Zn_, (1.6¢)
(x(ilt),u(ilt)) €Y, Vi€ Zy_ (1.6d)
x(Nt) € Xy (1.6e)

where Zj denotes the integer set {0, 1,...,k} and Xy is an appropriate terminal constraint

set. Based on the measurement of x(¢), Zy(x(t)) yields an optimal control sequence

u* (1) = {u* (0ff), - ,u* (N — 1]1)}. (1.7)

The first control of u*(¢), u*(0]t), is then applied to system (1.1) as the control at time 7.
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Therefore, the MPC control law can be implicitly expressed as

K(x(r)) == u*(O]f). (1.8)

At time instant 7 + 1 when the measurement of x(¢ + 1) is available, Zy(x(t + 1)) is
solved once again and the applied control is u(r + 1) = x(x(t +1)). By repeating this
procedure at every time ¢, an MPC controller is implemented. One important measure
of the performance of MPC that is mentioned frequently in this thesis is the admissible

set. It is the set of system state within which controller (1.8) is defined and is given by

Zy = {x| Ju such that Py (x) is feasible}. (1.9

Although MPC application dates back to the 1970s [17], its theoretical study only ap-
peared in the late 1980s. One important requirement of MPC at that time is the stability
of system (1.1) under the MPC control law (1.8). To ensure stability, the terminal con-
straint (1.6e) and the terminal cost F(-) in (1.5) play important roles. Specifically, the
origin of the closed-loop system is asymptotically stable by applying either appropriate
Xy setor F(-) or both based on the works of [21] by Bitmead et al., [22] by Rawlings and
Muske, [23] by Couchman et al., [24] by Scokaert et al., [25] by Sznaier and Damborg,
[26] by De Nicolao et al. and others. The survey paper [6] by Mayne et al. summarizes
the needed conditions for stability: Xy is a constraint-admissible invariant set under a

local controller and the terminal cost function F(-) is a local Lyapunov function.

The MPC problem becomes more complicated when uncertainty in the form of additive
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disturbances are present. In this case, system (1.1) becomes

x(t+1)=Ax(t) +Bu(t) +w(t) (1.10a)

w(t) €W (1.10b)

where w(r) € R" is the disturbance at time 7 and w(z) is assumed to be bounded in the set
W C R". MPC of system (1.10) is the focus of this thesis. With disturbances in (1.10),
the optimization problem 2y (x(t)) defined by (1.6) has to be reformulated to take into
account: (i) the effect of w(z) and (ii) the interpretations of constraints (1.6d) and (1.6e)

in the presence of w(t).

For the control of system (1.10), one novel MPC approach that is closely related to the
optimization (1.6) is proposed by Mayne et al. in [13]. In that work, it is assumed
that a disturbance invariant set Z can be determined for the system (1.10) under a linear
feedback law u(t) = Kx(t) in the sense that (A + BK)Z@®W C Z, where (A+ BK)Z :=
{zl z=(A+BK)z, 2€Z} and Q| d Q) := {0 = 0 + ;| @ € Qi, 0 € Q,} is the

Minkowski sum of sets ; and €,. Using this set Z and feedback gain K, optimization
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problem (1.6) is reformulated as

Qi I(x(0),u() (1.11a)
st x(r) ex(0)) B Z, (1.11b)
x(i+1)t) = Ax(ilt) + Bu(ilt), Vi € Zy_1, (1.11c)
(x(ilt),u(ilt)) € Y ©(Z x KZ), Vi € Zy_ (1.11d)

x(N|t) e X0z (1.11e)

where Q1 © Q) :={w| @+ w € Q), Yo, € Q} is the Pontryagin difference or P-
difference between Q and Q,. Optimization (1.11) differs from (1.6) in that x(0|z) is
a design variable in (1.11) and x(¢), instead of being equal to x(0[f) in (1.6), is only
required to be in a neighborhood of x(0|f) characterized by Z. Additionally, constraint
sets in (1.11d) and (1.11e) are tightened so that the constraints are satisfied by the true
states and controls. After solving (1.11), the MPC control law applied to system (1.10)

18

K(x(r)) = u* (0[r) + K (x(t) — x*(0t)) (1.12)

which is also different from (1.8). Mayne et al. [13] show that under mild assumptions
of the cost function J(x(¢),u(¢)) and terminal set X the set Z is robustly exponentially
stable for the closed-loop system under controller (1.12). A similar idea of introducing

additional terms to the MPC controller can also be found in [8] by Langson ef al. and
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[27] by Mayne et al.

Other MPC approaches for the control of system (1.10) have also appeared and a popular
one is the so called “min-max” approach, see for example [28] by Michalska and Mayne,
[29] by Badgwell, [30] by Scokaert and Mayne, [31] by Bemporad et al., [32] and [33]by
Kerrigan and Maciejowski. The FH optimization problem minimizes the worst case that

the disturbance can bring and takes the general form:

n’l(il)l m?ﬁij(x(t),u(t),w(t)) (1.13a)
u(rs wi(z
st x(i+ 1)) = Ax(i|t) + Bu(ilt) +w(ilt), Vi € Zny_y (1.13b)
x(0]t) = x(¢) (1.13¢)
(x(ilt),u(ilt)) €Y, Vi € Zy_1, Yw(t) € WY (1.13d)
x(N|t) € Xp, Yw(t) e WN (1.13e)
where
w(t) := {w(0[r),--- ,w(N—1|t)} ¢ WV c RM" (1.14)

and WV is the N times cartesian product of W.

Although min-max MPC optimization problem (1.13) has precise interpretation, its
computation is not easy: (i) the expression of the maximum of J(x(¢),u(r), w(¢)) with

respect to w(¢) is hard to determine in general; (ii) constraints (1.13d) and (1.13e) has an
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infinite number of constraints, one for each possible disturbance sequence, w(t) € WV.
Fortunately, if J(x(¢),u(t), w(t)) is a convex function with respect to w(z) and W" set is
a polytope, the maximizer of maxy,)J(x(t),u(r), w(z)) occurs at one of the vertices of
WN. Hence, the maximizer of maxy ) J(x(t),u(t),w(t)) can be determined by search-
ing over the vertices of W". The same strategy can also be applied to handle constraints
(1.13d) and (1.13e). Namely, instead of considering all w(t) € WN, we can consider
w(t) generated from the vertices of W¥, avoiding the infinite number of constraints.
However, even when vertices of WY are considered, the number of constraints increases
exponentially with the control horizon and the dimension of the system. Consequently,
the computational burden of the resulting optimization problem can be extremely high
when N or n is large. This usually limits min-max MPC to applications on small-scale

problems.

Possible solution to the computation of MPC is to solve the FH optimization using off-
line approaches or efficient on-line algorithms, such works includes [15] and [34] by

Muiioz de la Pefia et al., [35] and [31] by Bemporad et al. and [36] by Goulart et al.

Besides the computational issue of min-max MPC problem (1.13), the resulting MPC
controller derived using (1.13) can be very conservative since the optimal control se-
quence must stabilize the system against all possible disturbances while satisfying the
state and control constraints. One direct result of conservatism of the controller is that
the set of admissible initial state of problem (1.13) becomes small. A solution to reduce
the conservatism is to parameterize the control by available information such as realized

states or disturbances or both so that the influence of the disturbances on the system be-
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havior can be compensated and reduced. The control parametrization and the associated
stability of the corresponding closed-loop system have been research topics since the
late 1990s and various results have appeared. Some of them are closely related to the
work of this thesis. In the next section, a general review on control parametrization and

closed-loop system stability is given.

1.2 Review of Control Parametrization in MPC

As discussed in the previous section, control parametrization plays an important role in
MPC of systems with disturbances. It determines the degree of conservatism of the re-
sulting MPC controller and the size of the admissible set 2. It is known that the most
direct parametrization u(r) := {u(0lt),--- ,u(N — 1|t)} where u(i|t) is a fixed value leads
to a conservative MPC controller and a small admissible set for system (1.10). This is
because a fixed value control sequence has limited flexibility to handle all possible se-
quences of w(t). Hence, u(ilt) is ofen parameterized as functions of state x and/or
disturbance w and when the function is more general, it is expected that 2y is larger.
To reduce conservatism and enlarge 2, various control parametrization have been pro-

posed in the literature and they are reviewed below.

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



1.2 Review of Control Parametrization in MPC 11

Fixed Feedback Gain Parametrization

One of the most popular control parametrization, referred to as fixed feedback gain

parametrization, is
u(ilt) = Kyx(ilt) +c(ilt), Vi € Zn_1 (1.15)

where K is a fixed feedback gain chosen a priori such that A + BKj is stable and ¢(i[t) €
R™, i € Zy—_ are the new design variables, see [9] by Bemporad, [10] by Chisci et al.,
[11] by Rossiter et al., [12] by Lee and Kouvaritakis and [13] by Mayne ef al. An
advantage of this fixed feedback gain parametrization is the available characterization
of the asymptotic behavior of the closed-loop system. This is well exemplified in the
literature by the work of [10] by Chisci et al. In that work, the fulfillment of the state
and control constraints is guaranteed by imposing tightened constraints on the nominal
state and control variables. First, note that the predicted system state of (1.10) under

control law (1.15) is

i—1 i—1
x(ilt) = @x(0r)+ Y @ IBe(jl)+ Y & w(jlr)
j=0 j=0

-~ -~

(i) €F

— Z l 1- ]W ]|t (116)
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where @ = A + BKy, X(i|t) is the nominal value of x(i[t) or the state x(i|t) with the
absence of w(i|t), the last term in (1.16) is due to the presence of disturbance and its

value belongs to the set F; defined by

=0, FF=WadWa - -ad 'w. (1.17)

Clearly, F; characterizes the reachable set of state x(i) of the system x(i + 1) = ®Px(i) +
w(i) with x(0) = 0. If ® is asymptotically stable, F., characterizes the asymptotic behav-
ior of x(i+ 1) = ®x(i) + w(i), see [37] by Kolmanovsky and Gillbert, [5] by Blanchini

and the review in Section 2.2.1.

Let i(i|t) = Kpx(ilt) 4 c(it), it follows that

x(ilr) e {x(ilt) } o F; (1.18a)
u(ilt) € {ﬁ(i|t)}@KfF,~ (1.18b)
Hence,

(x(ile), u(ilt)) € ¥, Yw(t) € WN = (&(ilt), a(ilt)) € ¥ :=Y © (F, x K;F). (1.19)

The terminal constraint can also be handled in the same way,

x(N|t) € Xp, Yw(t) € WY < %(N|t) € Xp == Xy O Fy. (1.20)
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1.2 Review of Control Parametrization in MPC 13

Collecting all the design variables within the control horizon in ¢(¢) := {c(0|t),--- ,c¢(N —
1]¢)} and using parametrization (1.15), the FH optimization problem, denoted by Z25F (x(t)),

is

N—1

min Y |lc(it)[[§ (1.21a)

e() i=0

st x(0|t) =x(¢) (1.21b)
x(i+1|t) = Ax(i|t) + Ba(i|t), Vi € Zy—, (1.21c)
a(ilt) = Kyx(ilt) +c(ilt), Vi € Zy— (1.21d)
(x(it),u(ilt)) € Vi, Vi € Zy_4 (1.21e)
X(N|t) € Xy (1.21f)

where ¥ = 0 and [|c(i|t)||% = T (i]t)Pc(ilt). At time instant t, 225 (x(t)) is solved
and the optimal solution ¢*(¢) = {¢*(0[t),---,c*(N — 1]¢)} is obtained. The very first

term of the optimal solution is applied to the system, yielding the MPC controller,

KFF (x(r)) := Kx(t) +¢*(0]r) (1.22)

Also let Z, J\f F be the admissible set of this approach, i.e.,

ZHF .= {x| e such that 2257 (x) is feasible}. (1.23)

Feasibility of 225 (x(t)), t > 0 and stability of the closed-loop system is also investi-
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gated in [10] and they are summarized in the following property (Lemma 7 and Theorem

8 in [10]).

Property 1.2.1 Provided that the initial state x(0) € 2,FF, then under control law
u(t) = k¥ (x(t)) given in (1.22) problem PLF (x(t)) is feasible for all t > 0 and the
system (1.10) satisfied the following properties: (i) (x(t),u(t)) € Y for all t > 0; (ii)

lim; .o ¢*(0[t) = O; (iii) x(t) — Fu(Ky) as t tends to infinity.

In the above theorem, F..(Ky) set refers to the F. set of the system x(r +1) = (A +
BK7)x(t) +w(t), where F., := lim;_.. F; with F; defined in (1.17). Since the system
asymptotic behavior described in (ii1) of Property 1.2.1 is referred to many times in this

thesis, it is defined by the following definition.

Definition 1.2.1 (F.. convergence) A system is said to be F(K) attractive if the system
state converges to Fo(K), the minimal disturbance invariant set of the system x(t + 1) =

(A+ BK)x(t) +w(t) asymptotically.

Time-varying Affine State Feedback Parametrization

The advantages of parametrization (1.15) are the light computational burden of Z25F (x)
and that the closed-loop system is F., stable. However the pre-chosen feedback gain K
restricts the expressive ability of the parametrization to some extent. To overcome this

restriction, the following time-varying affine state feedback control parametrization has

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



1.2 Review of Control Parametrization in MPC 15

been proposed, see [9] by Bemporad and [38] by Smith,

u(ilt) = Y L(i, jlt)x(jle) +g(ilr), Vi€ Zy-y (1.24)
j=0

where L(i, j|t), j € Zi, g(i|t), i € Zn—_; are the design variables at time 7. Unfortu-
nately, the mapping between design variables and state and control variables is not lin-
ear. Therefore, the constraints on design variables are non-convex. This is verified by

the following example.

Example 1.2.1 (Example 4 in [39]) Consider the SISO system x(t + 1) = x(t) +u(t) +

w(t) with constraint |u(t)| <3,

w(t)| < 1 and initial state x(t) = 0. Follow parametriza-

tion (1.24) and let g(i|t) =0, L(2,1|t) = 0, it can be shown that

u(1)t) = L(1,1])w(0]r) (1.252)

w(2]r) = L(2,2]) (1 +L(1, 1)6))w(O]r) + L(2, 2|0 )w(1]r) (1.25b)

then the constraints on u(1|t) and u(2|t) is satisfied if and only if

IL(1,1]r)| <3 (1.26a)

IL(2,2]t)(1+L(1, 1))+ |L(2,2]t)| <3 (1.26b)

It can be verified (L(1,1]t),L(2,2|t)) = (=3,1) and (L(1,1|t),L(2,2|t)) = (—1,3) are

feasible, while (L(1,1|t),L(2,2]t)) = (—2,2) is not.
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As a consequence of this non-linear mapping, the FH optimization problem under parametriza-
tion (1.24) is not computationally tractable. Several approximations [3, 40, 38] have

been proposed to simplify the computation and this remains an open research issue.

Time-varying Affine Disturbance Feedback Parametrization

Instead of using time-varying state feedback parametrization (1.24), Lofberg [41] pro-

posed a time-varying disturbance feedback parametrization,

i
u(ilt) :Z (i, jlt)w(i — jlt) +v(ilt), Vi€ Zy—, (1.27)
]:

where M(i, j|t) € R™", j e ZF, v(ilt) € R™, i € Zy_; are design variables at time 7.
It is shown in [42] by Kerrigan and Maciejowksi that under this parametrization, x(i|t)
and u(i|t) are affine functions of M(i, j|¢) and v(i|¢). Hence the FH optimization problem
under this parametrization becomes convex and computationally tractable. The relation-
ship between (1.24) and (1.27) was unclear until the work of Goulart et al. [39] in 2006.
They show that parametrization (1.24) and (1.27) are equivalent in their expressive abil-

ities, and this is summarized in the following property (Theorem 9 in [39]).

Property 1.2.2 Forany L(i, j|t), j € Z;, g(ilt), i € Zn—_1 in(1.24), aset of M (i, jt), j €
ZF, v(ilt), i € Zy—1 in (1.27) can be found that yields the same control sequence for

any disturbance sequence and vice-versa.

Remark 1.2.1 Property 1.2.2 implies that if an initial state is feasible for the FH op-
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timization problem under time-varying affine state feedback parametrization, it is also
feasible under the time-varying affine disturbance feedback parametrization. Hence,

both FH optimization problem share the same admissible set.

The cost function used in the FH optimization in [39] is the linear quadratic (LQ) cost

function of nominal state and control variables,

N-1

Inpo(x(01), v(iln}gh) = Y (IE(inlG + laGilnliz) + (V) |7 (1.28)

i=0

where Q -0, R >0, P> 0, X(0[r) = x(), (i + 1|t) = Ax(i|t) + Bu(i|t) and a(i|t) =
v(i[t). Collect all the design variables in v(z) := {v(i|[t) i € Zy_1 } and M(t) := {M(i, j|t) j €
Z;L i € Zy—1}. Then utilizing parametrization (1.27) and cost function (1.28), the FH

optimization problem, referred to hereafter as 222 (x(t)), is

v(fﬁi\?(t) Ineo(x(0l),v(z)) (1.29a)
st x(0]r) = x(r) (1.29b)
x(i+1|t) = Ax(ilt) + Bu(ilt) +w(ilt), Vi€ Zy (1.29¢)

u(ilt) = ilM i, jloyw(i— jlt) +v(ilt), Vi€ Zy— (1.29d)

(x(i |t),uj(l_|t)) €Y, VieZy_1, Vw(t)ewV (1.29)

x(N|t) € Xy, V w(t) e WV (1.29f)
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Optimization problem Z2F (x(t)) can be solved using standard techniques of Robust
Optimization, see [43] by Ben-Tal ef al. and [44] by Ben-Tal and Nemirovski. A brief
review of Robust Optimization techniques is given in Section 2.3 and details of solving

PDF (x(t)) are postponed until Chapter 3, see also [39].

Solving optimization problem Z2F (x(t)) yields the optimizer (v*(¢),M*(¢)) and the
optimal control policy u*(z). The very first control action of u*(¢) is applied to the

system, yielding the MPC control law,

kP (x(1)) :=v*(O|r). (1.30)

The admissible set of 22T (x(t)) is defined in the same manner as 2y in (1.9),

ZPE .= {x| I(M, v) such that 220F (x) is feasible}. (1.31)

It was also proved in [39] that under controller (1.30), the origin is input-to-state stable
(ISS) for the closed-loop system under mild assumptions. Before introducing ISS, the

following concepts are needed.

Definition 1.2.2 (7 -function) A continuous function y: R™ — R is a 2 -function if
it is strictly increasing and y(0) = 0; it is a He-function if, in addition, y(s) — oo as

§ — oo,

Definition 1.2.3 (.7 Z-function) A continuous function p: Rt xRT —R" isa ¢ -

function if for all k > 0, the function B(-,k) is a J -function and for each s > 0,
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B(s,k) — 0 ask — oo.

The definition of input-to-state stability is given as follows [39, 45].

Definition 1.2.4 (Input-to-State Stability) For system x(t+ 1) = f(x(¢),w(t)), the ori-
gin is input-to-state stable with region of attraction X C R", if there exist a L -
function B(-) and a JH -function y(-) such that for all initial states x(0) € X and dis-

turbance sequences w(-), the system state x(t), for all t > 0, satisfies

[lx(@) [ < B(lx(O)[],1) + y(sup{llw(T) || 7 € Zi1}) (1.32)

The feasibility and stability of system (1.10) under controller (1.30) is summarized in

the following property (Proposition 13 and Theorem 23 in [39]).

Property 1.2.3 Givenx(0) € 2;PF, 22F (x(t)) is feasible for all t > 0 for system (1.10)
under MPC controller (1.30) and the closed-loop system has the following properties:

(i) (x(2),u(t)) €Y forallt > 0; (ii) the origin is ISS for the closed-loop system.

1.3 Motivations

Based on the review given in the previous section, a picture of the recent development of
MPC for constrained linear systems with additive disturbances, together with its com-

parison with the Linear Quadratic Regulator (LQR) method, is shown in Figure 1.1.
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Figure 1.1: Recent development of MPC and comparison with LQR

LQR is one of the earliest optimal control methods for unconstrained linear systems,
and the controller u(t) = Kx(z) is obtained by minimizing the infinite horizon LQ cost
Y7o Hx(t)HZQ + ||lu(t)||% of the disturbance-free linear system x(¢ + 1) = Ax(¢) + Bu(t).
It is also known that under the optimal LQ feedback law, the closed-loop system is
asymptotically stable [46]. When zero mean additive disturbance is present, controller
u(t) = Kx(t) is still optimal [47, 48], but the system state converges to the minimal

disturbance invariant set F..(K) [37] in this case.

When no constraint is violated, it is desirable for the MPC controller to achieve the
same closed-loop system behavior as the LQR controller. This is true for the MPC
controller kF'F (x) in (1.22) under the fixed feedback gain parametrization (1.15) if the

Ky in (1.15) is chosen to be the optimal LQ feedback gain, see Property 1.2.1. Time-
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varying state feedback parametrization (1.24) and time-varying disturbance feedback
parametrization (1.27) generalize the control parametrization (1.15), and hence improve
the MPC controller performance and admit a large admissible set than (1.15). However,

a different stability result, ISS, is proved.

Several desirable properties of (1.10) under an MPC control law can be expected from

the above discussions. These are listed as P1 to P3 below.

P1: F. convergence for the closed-loop system under MPC feedback law.

P2: A control parametrization that has as general a representative ability as possible.

P3: Ways to influence the shape of F., since it characterize the asymptotic behavior of

the closed-loop system.

Properties P1 and P2 are discussed in Chapter 3, 4 and 5. Chapter 6 shows a design

procedure for P3.

Besides P1-P3, it is observed that in almost all cases in the MPC literature, constraints
are required to be satisfied at all times. This may be too restrictive for some applications.
For some cases, it is acceptable that constraints hold at certain confidence levels [23, 49,
50, 51]. Such constraints are best represented by probabilistic constraints. Chapter
7 of this thesis shows a treatment of handling probabilistic constraint under the MPC

framework.
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1.4 Assumptions

This thesis focuses on the control of following constrained time-invariant linear discrete-

time (CTLD) system,

x(t+1)=Ax(t) +Bu(t) +w(t) (1.33a)
(x(2),u(t)) €Y, Vt>0 (1.33b)
w(t)eW, V>0 (1.33¢)

where x(¢) € R" and u(r) € R™ are the state and control of the system at time #, respec-
tively, w(t) € R" is the disturbance on the system at time 7 and W is compact, and Y
is the joint state and control constraint set imposed on the system. For the rest of this

thesis, the CTLD system (1.33) is assumed to satisfy the following assumptions.

Assumption 1.4.1

(A1) x(1) is measurable at every time instant t, the system (1.33a) is stabilizable;

(A2) the set

Y :={(x,u)| Yex+Yu <1,} CR™™ (1.34)

for some Yy € RT”*" and Y, € R?*"™, is compact and contains the origin,
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(A3) the disturbance w(t) is bounded in the sense that

w(t) eW :={w|Hw<1,} CR"; (1.35)

for some H € R™" and contains the origin;

(A4) a constant feedback gain Ky € R™*" is given such that ® := A+ BKy has a spec-
tral radius p(®) < 1 and a constraint-admissible d-invariant set X in the follow-

ing form

Xs:={x| Gx < 1,}, (1.36)

for some G € R8*", exists under controller u(t) = K¢x(t) in the sense that ®x +

weE Xy, (x,Kyx) €Y forall x € Xy and for allw € W.

In the above, 1; is a k-vector with all elements being 1. Assumption (A1) is standard,
and using it, w(¢) can be obtained at time 7+ 1 by w(z) = x(r+1) —Ax(¢) — Bu(t). Hence,
a control parametrization based on past disturbances is possible. The characterizations
of Y in (A2) is made out of the need for computational consideration. Other additional
assumptions about w(t) and W are also needed and will be introduced when they are
used in the affected chapters. Under (A1)-(A3), results in [37, 52] show that for suffi-
ciently small W, the maximal constraint-admissible disturbance invariant set O.. exists.

This will be briefly reviewed in Section 2.2.2.
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1.5 Organization of the Thesis

The following highlights the contents of each of the remaining chapters.

Chapter 2: This chapter reviews some basic concepts and methodologies needed in
this thesis. These concepts include convex sets, operations on convex sets, constraint
admissible robust disturbance invariant sets (both the maximal and the minimal) and

robust optimization, etc.

Chapter 3: This chapter introduces a control parametrization based on time-varying
disturbance feedback. The equivalence of the proposed parametrization to those that
have appeared in the literature is established. Using this parametrization, the resulting
FH optimization problem is a quadratic programming problem. Additionally, the control
law approaches to an a prori chosen linear feedback law and the system state converges

to the corresponding F.. set asymptotically.

Chapter 4: This chapter considers a simplification of the parametrization used in Chap-
ter 3. This new parametrization does not rely on past realized disturbances. By minimiz-
ing a cost function similar to the one used in the Chapter 3, the closed-loop system state
is shown to converge to the F., set with probability one under certain assumptions. If a
less intuitive cost function is optimized in the FH optimization problem, the convergence

to F.. 1s shown to be deterministic.

Chapter 5: This chapter considers an even more general piecewise affine, control

parametrization based on disturbance feedback. This parametrization includes affine
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disturbance feedback parametrization as a special case, and is expected to have the
largest admissible set over the parametrizations used in Chapter 3 and 4. The rest of
this chapter looks at the computational aspect of the resultant FH optimization problem.
Particularly, if the disturbance set has certain properties, the FH optimization problem
can be conveniently formulated as a convex optimization problem. The definition of this

property and related properties are studied in detail.

Chapter 6: This chapter is concerned with the design of the F., set using support func-
tion. For a given feedback gain, both the support function of the minimal disturbance
invariant set and its derivative with respect to the feedback gain can be evaluated with
arbitrary accuracy. Hence, an optimization problem with constraints imposed on the
support functions may be solvable using gradient-based methods. Through an optimiza-
tion problem, a feedback gain can be found so that the minimal disturbance invariant set
satisfies certain constraints. Additional constraints are also introduced to guarantee the

existence of the maximal constraints admissible disturbance invariant set.

Chapter 7: In this chapter, the concept of a constraint admissible disturbance invariant
set for a linear system with hard constraints and additive disturbances is generalized
to the case where the CDTL system has probabilistic constraints and stochastic dis-
turbances. As the most direct extension, a maximal constraint-admissible set for such
a system can be defined. However, this set is non-invariant and non-convex in gen-
eral and this limits its potential applications. An inner approximation of the maximal
constraint-admissible set is proposed. This approximate set is convex and invariant un-

der reasonable conditions. Properties and computation of this set is discussed. Its use as
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a terminal set in an MPC formulation is also introduced.

Chapter 8: This chapter summarizes the contributions of this thesis and outlines direc-

tions for future research.
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Chapter 2

Review of Related Concepts and

Properties

This chapter reviews some basic concepts and properties needed in the subsequent chap-
ters. Definitions of convex sets and related operations are given in Section 2.1. Sec-
tion 2.2 introduces definitions of two important sets of constrained linear systems with
bounded additive disturbances together with their properties. Algorithms for determin-
ing or approximating these two sets are also provided. Section 2.3 briefly reviews results

of Robust Optimization.
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2.1 Convex Sets and Sets Operations

For a thorough review of the definitions and related issues, readers are referred to [53,

37].

2.1.1 Definitions of Convex Sets

Definition 2.1.1 (Convex Set) A set Q is convex if for any @y, @, € Q and a scalar A

withO<A <1, Ao+ (l—1)m, € Q.

A convex set is usually defined by a convex function, the definition of which is given

next.

Definition 2.1.2 (Convex Function) A function f(-) : X CR" — R is a convex function,

if for any x1,x, € X the following inequality holds for all 0 < A < 1,

FAxi+(1=A)x) SAf(x1)+(1=2)f(x2)

Most of convex sets dealt with in this thesis are polytopes which are defined by linear

inequalities. The relevant definitions are stated below.

Definition 2.1.3 (Hyperplane) A hyperplane in R" is a set in the form

{o: uTo=0}
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for some L € R, not all u; =0, i € Z,} and some 0 € R.
Definition 2.1.4 (Half Space) A closed half space in R" is a set in the form
{o: o<}
where |t € R", not all y; =0, i € Z,} and for some 6 € R.
Definition 2.1.5 (Polyhedron) A convex set Q C R" taking the form
Q={w: ATo<b}

where A € R™" and b € R™ is called a polyhedron. In this form, a polyhedron Q is
defined as the intersection of a finite number of closed half spaces. Each of the half

spaces is define by a column of A and the corresponding element in b.

Definition 2.1.6 (Polytope) A polytope is a bounded and closed polyhedron.

2.1.2 Operations on Sets

Definition 2.1.7 (Convex Hull) For a set of points Q = {w,,--- , w0} CR", the convex

hull of Q is the smallest convex set that contains € and is defined by

L L
CH(Q):={w=) Aw;, 4;>0,VieZ, Y Ai=1}
i=1 i=1
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Definition 2.1.8 (Scaling of Set) Given a set Q C R" and a € R, a scaling of Q by a is
defined as

aQ:={z] z=aw, 0 € Q}.

Definition 2.1.9 (Linear Mapping of Set) Given a set Q C R" and A € R™*", a linear
mapping of Q by A is

AQ:={7lz=A0, w € Q}.

Definition 2.1.10 (Minkowski Sum) Given two sets ® C R" and Q C R", the Minkowski

sum (vector sum) of ® and C is defined as

OdQ:={zeR"z=21+2,21 €0, 0 € Q}.

It can be derived that

OdQ = {zeR"z—20€0, € Q}

= Proj {(z,22)| 2—22 €0, 2 € Q}

where Proj, refers to the projection onto the z space from the (z,z2) space.
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Example 2.1.1 Let

( B 7] 3 B ] )
-05 0 5 5
0.5 0 5 -5
=1 <lyp, Q={z 7<1y
0o -1 -5 5
0 1 -5 -5
\ L . J \ L . J
Then @ d Q is
( B T B T B T B T )
—-05 0 1.1 5 5 16
05 0 1.1 5 -5 16
OPQ=<z z< ; z<
0 —1 1.2 -5 5 16
0 1 1.2 -5 -5 16
\ L . L . L . L d

15

o
al
T

—0.51 SRRy @
1t \4 . l ,,,,,,,,,,,,,, J

_1'5 1 1 1 1 1 1 1 1 1 J
-25 -2 -15 -1 -05 0 0.5 1 15 2 2.5

Figure 2.1: Example of Minkowski sum
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Definition 2.1.11 (Pontryagin Difference) Given two sets ® C R" and Q C R", the

Pontryagin difference, also known as the Minkowski difference, of © and Q is defined as

OoQ:={zeR"z+z1 €0, Vz; € Q}.

Definition 2.1.12 (Support Function) Given a set Q C R", the support function of Q,

evaluated at y € R" is defined as

Sa(y) = supy' @.
[01S19)

Remark 2.1.1 If Q is a polytope, the support function of Q can be computed as a linear

programming (LP) problem. This is easy to see from 8q(y) = max{y’w| ATw < b}

Property 2.1.1 Some known properties of support function are: (i) Spq(y) = da(ATy);

(ii) 8q,00,(y) = bq, (¥) + 0, (¥)-

Proof: ()840 (y) = supyeq)! (A®) = sup,cq(ATy)T 0 = 8o (ATy); (i), 00,(y) =

SUP €0y pey Y (@1 + @) = SUpy, e ¥ @1 +35upg, co, ¥ @2 = 8q, (¥) +60,(y). =

For computing Pontryagin difference of two polytopes, the support function operation

is used, see the following properties.

Property 2.1.2 (Theorem 2.2 in [37]) Suppose ® C R" and Q C R" are two polytopes,
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each contains the origin in its interior and ©® is given by

® = {7l (us)"z<1,vie S}

where ,ué € R" and Jg is an index set for ©, then

OoQ = {7lz+z1€0,Vz €Q}
= {z (u5)"(z+21) <1,V €Q, Vi€ S}
= {2z (b)) z<1—(ug) 21, Va1 €Q, Vi € S}
= {2l (up)"z< l—glgé(ué))Tzu Vie Jo}

= {z] (u) 2 < 1-8a(ub), Vie Fo}

Example 2.1.2 Let ® and Q be the same as those in Example 2.1.1, using the result of

Property 2.1.2 @ Q is

( B T B T )
-05 0 0.9
05 O 0.9
PoQ=4(z z<
0 -1 0.8
0 1 0.8
\ L . L 4

and the sets are plotted in Figure 2.2.
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151

©
(6]
T

I

o

o
T

-25 -2 -15 -1 -05 0 0.5 1 1.5 2 25

Figure 2.2: Example of Pontryagin difference

2.2 Robust Invariant Sets

The theory of set invariance plays a fundamental role in the control of constrained linear
systems and has been a subject attracting much attention, see [5, 37] and references cited

therein.

This thesis considers the constraint admissible disturbance invariant sets for linear sys-

tems taking the following form

x(t+1)=Dx(t) +w(t) (2.1a)

x(t)eX, w(t) e W, Vr >0 (2.1b)

where x(#) € R" is the system state, w(¢) € R” is the additive disturbance, X is the state

constraint set and W is a bounded disturbance set containing the origin as interior.
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2.2.1 Minimal Disturbance Invariant Set

For system (2.1), the definition of a disturbance invariant set is the following,

Definition 2.2.1 (Disturbance Invariant Set) A set .7 is a disturbance invariant set

for system (2.1), also known as a d-invariant set, if

Ox+we T, VweWandVxe T.

One special d-invariant set is the minimal d-invariant set. Due to the existence of the
disturbance, the state of (2.1a) does not converge to the origin but to a neighborhood of

the origin. The set of all states of (2.1a) reachable at time ¢, starting from x(0) = 0, is

t—1
E = {x‘ X = Zq)(tilil)W(l), W(l) E W, l G Zt_]} (2'2)
i=0

and using notation of Minkowski sum, it can also be written as

E=WadWa. - -ad 'w (2.3)

As ¢ tends to infinity, F; tends to F.. and its properties are summarized below, see Theo-

rem 4.1 and Corollary 4.2 in [37] for more.

Property 2.2.1 Assume matrix ® in (2.1a) is asymptotically stable, then there exists a

compact set, F., € R", with the following properties:
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(i) 0e K, CF.;
(ii) F; — F. ast tends to infinity;

(iii) F.. is the smallest d-invariant set, i.e., if 7 is any closed d-invariant set, then

F. C 7.

Although the characteristics of F. is clear, unfortunately, there is no method for the
exact determination of F. for system (2.1) except for some special cases [37, 54]. In
the literature, various methods of determining the outer bounds of F. set have been
proposed, see [5] by Blanchini, [55] by Hirata and Ohta, [56] by Rakovi¢ ef al. and
[57] by Ong and Gilbert. In this thesis, the approach of [57] is used to compute the
outer bounds of F. set, and the details, based on the method in [57], are briefly reviewed

below.

In the method, the outer approximation takes the form of oy F; for some scalar o; > 1
and some index k, with F., C o F;. Since F;, — F. as k — oo, 0;F}, is an excellent choice
for an outer bound of F. in the sense that the accuracy of the approximation increases

with increasing k. Specifically, suppose Fy, is expressed as
Fe={xeR"| (u})"x<1,Vje I} (2.4)

where ,u/;k € R" and #F, is the index set for the set F;. The condition F., C oy Fy holds

if and only if 5Fw<H1]~;k) < Gk5Fk(,lL1{;k> =0y, Vj€ If. Let oy = min_,-eij SFOO([VLI{;](), then
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it is easy to see that o Fj is an outer bound of F.,. To compute o, note that

[

Sr.(uf) =Y Sw(®) uf,) (2.5)

i=0

then it can be computed to a great degree of accuracy by its partial sum 5#00(#1{;1() =
Yo Sw (@) /,L,’;k). The error in the approximation of &, (-) by 8% (+) can be bounded
because there exist a v > 0 such that 0 < 5W((<I)")Tuljék) < (p(®))'v for all j € I,

Specifically,
—(m J115) - (m ‘M 2.6
v (J,E%HMF,M) (max f[w(|2) (2.6)

where M(p(®))' > ||®'||» and || ||, is the induced norm of ®. Then the error is bounded

by v(1—p(®)) ! (p(®))", and
Or. (up,) < of 1= min O () +v(1 - p(@)~' (p(®))" @.7)

Therefore, the set giFk is a tight outer bound of F... The numerical results of computing

the outer bounds of F., set are illuminated through the following example.

Example 2.2.1 Let the parameters in (2.1) be

04 —-03
P = , w(t) eW = {weR? ||w]le<1}.

—-0.5 -0.2

Two sets of approximation are determined. In the first set, L in (2.7) is chosen to be 7
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and k varies from 2 to 6. The corresponding gi are listed in Table 2.1 and g%Fk are

plotted in Figure 2.3

L=7| k=2 | k=3 | k=4 | k=5 | k=6
1.5631 | 1.2855 | 1.1563 | 1.0950 | 1.0607

S
~T~

Table 2.1: Optimal scale with L=7 and k=2,...,6

Figure 2.3: Approximation of F.o with L =7 and k =2,...,6

In the second set, k is chosen to be 4 and L in (2.7) varies from 2 to 6. The corresponding

gé are listed in Table 2.2 and géFk are plotted in Figure 2.4

k=4| L=2 | L=3 | L=4 | L=5| L=6
I,; 1.4882 | 1.3355 | 1.2141 | 1.1836 | 1.1667

Q

Table 2.2: Optimal scale withk=4and L=2,...,6
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4
3r - T
| f‘/ ..\:\\\
2' | < \\
I | 6 ~ \\
ir 04F N
| [ '\ \
or 1 o
Vo ‘ \
-1F AN N |
o
N | |
-2r \\\ ~ [ ‘
2 AN ~ _ - ‘
af gl ST o oo LTI -7
-4 1 1 1 L | | . |
-4 -3 -2 -1 0 1 2 3 4

Figure 2.4: Approximation of ., withk=4and L=2,...,6

2.2.2 Maximal Constraint Admissible Disturbance Invariant Set

This section briefly review another important set for system (2.1), the maximal con-
straint admissible d-invariant set. This set is usually chosen to be the terminal constraint
set Xy in MPC approach and plays a key role in the proof of feasibility of the FH op-
timization problem and stability of the closed-loop system in the later chapters of this

thsis.

Definition 2.2.2 (Constraint Admissible d-invariant Set) A setI" C R" is a constraint

admissible d-invariant set of system (2.1) if I is d-invariant and I C X.

Definition 2.2.3 (Maximal Constraint Admissible d-invariant Set) The maximal con-
straint admissible d-invariant set, denoted as Ow, of system (2.1) is a constraint admis-
sible d-invariant set that contains every closed, constraint admissible d-invariant set of

system (2.1).
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Properties and computational issues of the O set of system (2.1) have already been
intensively studied in the literature, see, e.g., [5] and [58] by Blanchini, [59] by Aubin,
[60] by Bertsekas, [61] by Gilber and Tan. An algorithm, based on the results in [37] by

Kolmanovsky and Gilbert, is given below.

Algorithm 2.2.1 (Determination of O..) Given ®, X and W in (2.1)

Step 1: Let k=0, Oy =X and Xo = X;
Step 2: Determine Xi1 = Xj o PFW. If Xpv1 = O, set O = & and stop;
Step 3: Determine Oyy1 = Oy N{x| T x e X; 1} If Ory1 = @, set O = @ and stop;

Step 4: If Oy = Oy, set O = Oy, k* =k and stop; otherwise let k = k+ 1 and got to

Step 2.

Property 2.2.2 (Theorem 6.3 in [37]) Assume ® is asymptotically stable and X.. con-
tains origin in its interior, i.e. 0 € int(Xw ), then O is finitely determined, i.e. Algorithm

2.2.1 stops in finite iterations.

Example 2.2.2 Consider the system

x(t+1) =Ax(t) + Bu(t) +w(r)

u(t) = Kx(t)
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where

A=  B= , K=[-0.4991 —0.9546].

and

x(t) €X = {x] [lxllo <5}, u(t) €U = {ul [Jull <1}, w(t) €W ={w| [w]. <02}

This system can be converted to the form of (2.1) with

x(1) € X i={x] [[xfleo <5, [|[Kxlleo < 1}

and ® = A+ BK. Using Algorithm 2.2.1, the O set, with k* = 2, is plotted in Figure

2.5

Figure 2.5: O set of the example system
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2.3 Robust Optimization

This section reviews some results in Robust Optimization that are needed to solve the
FH optimization problem of MPC in this thesis. For a thorough review of Robust Opti-

mization, readers are referred to [62], [63] and [44] by Ben-Tal and Nemirovski.

2.3.1 Robust Linear Programming

Consider the following optimization problem,

max ax—+ cTy (2.8a)
x,y
st. x+ylw<b,Vwe {w:Lw<I} (2.8b)

where x € R and y € R" are decision variables, w € R" is uncertainty factor and (a,b,c,L,1)

are appropriate parameters. Constraint (2.8b) can be equivalently written as

x+maxylw<b (2.9)
Lw<l]

Note that the maximum of y”w in (2.9) equals the minimum of its dual problem,

max{y’ w| Lw <1} =min{I”z| LTz =y, 2> 0}. (2.10)
w e
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where z is the dual decision variable. Hence, constraint (2.9) can be equivalently ex-

pressed as
x+1Tz<b (2.11a)
LTz=y (2.11b)
z>0 (2.11c)

Replacing (2.8b) with (2.11), the optimization problem (2.8) is equivalent to

max ax—+ cTy (2.12a)
X, )%

st. x+1Tz<b (2.12b)

LTz=y (2.12¢)

2>0 (2.12d)

and this LP is called the deterministic equivalent of (2.8).

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



2.4 Notations

44

2.4 Notations

Some notations that are to be used frequently are defined in this section.

Integer sets

Z; = {0,1,---,i} (2.13)

Z7 = {l,---,i} (2.14)

Given two Matrices A € R B € RP*4 and a vector v € R". Let A; € R" denote the
ith column of A matrix and Let a; ; denote the (i, j) element of A. Let v;, i € Z,} denote
the ith element of vector v.

Kronecker product

a B - ayuB

A®B:=| : .. = | erwm (2.15)

anle ammB

Vector operation

vec(A) := [AT ... AT]" e ™ (2.16)
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Frobenius norm

|AllF = = [[vec(A)]| (2.17)
Absolute value of vector

v == [|vi]| [va] -+ |vn|]T e R" (2.18)
Maximization of vectors
Givenv!,v? € R", v = max{v!, v?} means v; = max{v}, v?}, Vi € Z;.
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Chapter 3

Stability of MPC Using Affine

Disturbance Feedback Parametrization

In this chapter, an affine disturbance feedback control parametrization for an MPC for-
mulation is proposed. Equivalence of the expressive abilities of the proposed parametriza-
tion and the time-varying disturbance feedback parametrization is shown. This leads
to the conclusion that the closed-loop systems under both parametrizations share the
same admissible set. Furthermore, by minimizing a norm-like cost function, the MPC
controller derived under the proposed control law steers the system state to a minimal

d-invariant set asymptotically.

This chapter is organized as follows. Section 3.1 proposes the new control parametriza-
tion and establishes the equivalence of its expressive ability to that of a time-varying

affine disturbance feedback parametrization. The FH optimization and related defini-
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tions are also given in this section. The choice of objective function and its connection
with the standard linear quadratic cost are given in Section 3.2. Computation of the
resulting FH optimization problem is discussed in Section 3.3. Section 3.4 takes on
the feasibility and stability issues of the closed-loop system. Numerical examples and

summary are contents of the last two sections.

3.1 A New Affine Disturbance Feedback Parametriza-

tion

The CTLD system of (1.33), satisfying Assumption 1.4.1, is considered. For conve-

nience, it is repeated here

x(t+1) =Ax(t) + Bu(t) +w(r) (3.1a)

(x(t),u(t)) €Y, w(t) eW,Vt>0 (3.1b)

where x(¢) € R", u(t) € R™ and w(t) € R" are the state, control and disturbance of the
system at time #, respectively, W is a bounded disturbance set and Y is the joint state and

control constraint imposed on the system.
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The choice of u(i|t) in this chapter, motivated by [10, 41, 39], takes the form

u(ilt) = Kpx(ilt) +1(i|t)
VieZn_1 (3.2)

1) = c(ilt) + XX €, jloyw(i— jle)

where [(i|t) is an affine function of the N — 1 disturbances preceding time r +i, C(i, j|t) €
R™*" is the matrix of coefficients associated with the disturbance at time ¢ 4+ i — j and
w(i — j|t) is the realized disturbance w(r +i— j) if i — j < O or an unknown future
disturbance at time ¢ if i — j > 0, see Figure 3.1. Ky is the specified feedback gain in

(A4) of Assumption 1.4.1.

realized disturbances (i <) unknown future disturbances (i > j)
N A
r N A
L w(t-2) wt-1) |1 w(t) w(t+1) w(t+2) w(t+3)
| | | | | | g
* w(-2|1) w(-1[t) w(l|z) w(l|t) w(2|t) w(3|t) =

Figure 3.1: Disturbances in the parametrization

Parametrization (3.2) differs from time varying affine disturbance feedback parametriza-

tion (1.27), denoted hereafter by uP", in two ways:

(1) a fixed state feedback term K x(i|¢) is introduced;

(2) the index j runs from 1 to N — 1 instead of i, hence realized disturbances are used

in the parametrization.

The role of these two changes will become clear in Section 3.4. Collect the past N — 1
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realized disturbances mentioned above in

w(=(N=1)r)

w(=(N=2)Jr)

w(—1lr)

w(t—(N—1))

w(t—(N-2))

w(t—1)

GWN_I

(3.3)

where WV~1 is the N — 1 times cartesian product spaces of W. Let the predicted control

sequence (1.3), predicted state sequence (1.4) and unrealized disturbances (1.14) have

the following structure,

x(0]f)

x(1]e)

x(Nlt)

u(0]r)

u(1|r)

u(N — 1]t)

,and w(t) :=

w(Olr)

w(l]z)

w(N—1|r)

. (34)

The rest of the variables within the control horizon in (3.2) can be collected in matrices

C(r) € RN™<CN=1)m and ¢(r) € RN in the following form

C(O,N—1[t) C(O,N—2f) C(0,2]¢) C(0,1]¢)
0 C(1,N —1|t) C(1,3]1) c(1,2]¢)
C (t):= . (3.5)
0 0 0 C(N-2,N—1t)
0 0 0 0
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_ 0 0 0 |
C(1,1)r) 0 0
C (t):= , (3.6)
C(N—2,N—-2|t) C(N—2,N—3|t) 0
C(N—1,N—1]t) C(N—1,N—2|t) C(N—1,11) 0
c(0fr)
c(1]r) _
c(t) = ,and C(t) :=[C (t) CT(1)]. (3.7)
¢(N—1r)

Clearly, C™ () is the collection of the coefficient associated with the past disturbance

w’(¢) and C" (¢) is the collection of the coefficient associated with the future disturbance

w(t)

Using these notations, the FH optimization using the control parametrization of (3.2),

referred hereafter as 2207C (x(t),w’(t)), can be written as

min J, c(r),C(t
min Jprele(0).C(0)

st x(t) = x(t)+ PBu(t) +9w(t) (3.8a)
u(t) = 2x(t)+e(t) +C~ ()W (1) + C* (1)w(r) (3.8b)
(x(ilt),u(ilt)) €Y, Vw(t)eWN, ViecZy (3.8¢)
x(N|t) € Xy, Vw(r)ewV (3.8d)
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where Xy is the constraint-admissible d-invariant set as given in Assumption 1.4.1 (A4);

Jprc(c(t),C(t)) is an appropriate cost function details of which are discussed in Section

3.2 and
1, 0 0 0
A B 0 0
g = | A2 |, B:= AB B 0 |, (3.9)
AN AN-'Bp AN—2p ... B
0 0 0
I, 0 0
9 = A L, - 0|, =[IN®K; 0], (3.10)
AN—I AN—Z .

® 1s Kronecker product of matrices defined in (2.15).

Let the feasible set of the FH optimization problem Z22FC (x, w") be

Y€ (x,w") := {(¢,C)| (¢, C) is feasible for 2207 (x,w")} (3.11)

and the admissible set of 222FC (x, w") be defined as

ZPFC = (x| TIy(x,w") £ 0, Y w" e W11 (3.12)
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The rest of the MPC formulation is standard: Z22FC (x(¢), w'(¢)) is solved at each time

t, yielding the optimal solution
(¢*(r),C*(t)) := argmin Z2FC (x(r),w' (1)) (3.13)

and the very first term of the corresponding optimal control sequence is applied to sys-

tem (3.1a). Hence, the MPC control law is

N—1
u(t) = kPFC(x(t), W' () := Kyx(t) + c*(0[t) + Y C*(0, jlt)w(r — j) (3.14)
j=1

Although the information of W' () is already captured in x(z), it is added for stability

consideration, see Theorem 3.4.2.

The remaining part of this section shows the equivalence of the expressive abilities of
parametrization (3.2) and the time varying disturbance feedback parametrization u”"

in (1.27). Similar to (3.8b), the control sequence u(z) using parametrization (1.27), as

proposed in [41, 39], can be written as

u(r) =v(r)+M(r)w(r) (3.15)
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where
| v(0lr) - - 0 0 o_

oo | A0 | MO 0o

| V(=1 | M(N—1N=1]1) -~ M(N=1,1]1) 0 |

are the variables of u(¢z). Under parametrization of (3.15), the admissible set of the
FH optimization is 2;PF, see equation (1.31). Equivalence of 2;PF and 2;PF Cis

summarized in the following theorem.

Theorem 3.1.1 Suppose x(t) € R" and a realization W' (t) are given. Then, (i) for any
(c(t),C(1)) and w(t) sequence that define u(t) in (3.8b) and x(t) in (3.8a), there exists
a unique (M(t),v(t)) that yields the same u(t) and x(t) sequences. (ii) for any choice
of (M(t),v(t)) that defines u(t) in (3.15) and x(t) in (3.8a), there exists at least one
choice of (¢(t),C(t)) of (3.8b) which yields the same u(t) and X(t) sequences for all

w(t) sequence. Hence 2,;P¥C¢ = 2PF.

Proof: See Appendix 3.A.1. [

Remark 3.1.1 As %]\?FC = ZPF, it may appear that the variable C~ is superfluous.
Its inclusion is needed in ensuring stability of the closed-loop system and will become

obvious in Section 3.4. See also Remark 3.4.1.

A less obvious result regarding properties of 2, ]\?F € follows from Theorem 3.1.1 and is
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stated next.

Lemma 3.1.1 For any pair of (W ,w") € WN=1x WN=1 TIDFC(x W") £ 0 implies

RFC (x, W) £ 0 and vice versa.

Proof: See Appendix 3.A.2. n

An immediate consequence of Lemma 3.1.1 and Assumption 1.4.1 (A3) is that .2, AI,)F ¢

of (3.12) can be equivalently stated as

ZPFC .= [x] TIy(x,0) # @}. (3.16)

Remark 3.1.2 Characterization (3.16) allows a simple verification of the condition x €

%NDFC. Specifically, x € %]\?FC if and only ifgzleFC(x, 0) admits a feasible solution.

3.2 Choice of Cost Function

To achieve the desired stability result, the cost function of Z2FC (x(t),w’(t)) is chosen

to be
N—1 N—1 N—1
Jprc(e(t),C(t)) == Z(,)h(l(ilt)) 1= ZO e (il) |15 + Z] Ivec(C(i, jlNIZ| (3.17)
i= i= j=

for some ¥ > 0 and A > 0 and vec(C) is the vector operation of C defined in (2.16).

This choice of cost function is motivated from consideration of the standard LQ cost and
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hence preserve the use of the 2 norm. It is possible to show, with additional notations,
that the results of Theorem 3.4.2 remain true if the 1,00 norm or any norm function of
I(i|t) is used for A(-) in (3.17). The choices of ¥ and A can be arbitrary so long as they

are positive definite.

It is of interest to note that (3.17) can be related to the standard infinite horizon LQ cost
if stronger assumptions are made. While not needed for stability consideration, these

assumptions are:

Assumption 3.2.1 Disturbance w(t), cost weight Q, R, P and terminal feedback gain

Ky are assumed to satisfy

(AS) w(t) is a random vector, uncorrelated from instant to instant, has zero mean and

covariance matrix X, i.e.

E[w(t)] =0, E[w' (t)w(t)] =Ly (3.18)

(A6) Suppose Q = 0, R > 0 are given and (Q%,A) is detectable. Let P = ATPA —
ATPB(R + B"PB)~'BTPA + Q, the solution of the algebraic Riccati equation,

Kf=—(R+B"PB)"'B"PA, ¥ =R+B"PBand A=%, @ V.
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Consider the expected LQ cost of

JeLo(x(t),u(r)) = Eqwr( [Z PeCile) 1+ leeile) [7) + (N o) 7]

where ||x(i|r) ||2Q +||u(i[t)||% and ||x(N|t)||3 are the stage and terminal costs respectively.

Theorem 11.2 of [47] shows that under Assumption 3.2.1 (A6)

N—1
2‘6 (x" (i) Ox(ilr) +u” (il)Ruilt)) +x" (N|t) Px(N|r)
- N—1 N—1
= T (0]r)Px(O|r) + Z:’) l|lu(ilt) — Kpx(i iin|>? (R+57PE) T Z wl (i]t)Pw(ilr)
N—1
+ ;) [(Ax(ilt) + Bu(ilt))" Pw(ilt) +w (i|t)P(Ax(i|t) + Bu(ilt))] . (3.19)

Following control parametrization (3.2), the terms x(i|t) and u(i|t) on the right hand
side of the preceding equation are linear functions of past disturbances w(jl|t),j < i.
Taking the expected value over (w'(¢),w(z)), the last term on the right hand side of
(3.19) vanishes following Assumption 3.2.1 (AS). In addition, the first and third terms

of the right hand side are constants. This yields

Jero(x(t),u(r)) == x" (0]t Px(0[t) + N - trace(£,,P) + E(yr 1) z;,)zT i|t)01(ilr))

(3.20)
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where ® = R+ BT PB. The last term of (3.20) is exactly Jprc(e(t),C(¢)) in (3.17) if

¥=0, A=X,20. (3.21)

This can be seen from

T

Il
o

N—1 N—1
Ewr(e),wie) | (c(ilt) + Zl C(i, jlyw(i = jlt) O (c(ilt) + 21 C(i,jlt)W(i—jlt))]
j= j=

D

Il
o

N—-1
_ ¢! (ilt)Oc(ilt) + Y trace [EW(CT(I‘,j!t)GC(i,J'!O)}]
. j:1

—_

I

Il
o

N—1
(i|t)Oc(ilt) + Y vec(C(i, jlt)" (Ew ® ©)vec(C(, j\t))] (3.22)
I j=1

The last line results from E [w” Xw] = trace(XX,,) = trace(E,,X) = vec(XT) T vec(Z,)
and vec(AXB) = (BT ® A)vec(X). O is positive definite since R and P are positive
definite. X,, ® O is positive (semi)definite since Kronecker product of two positive

(semi)definite matrices is also positive (semi)definite according to Theorem 4.2.12 of

[64].

As the first two terms of (3.20) are independent of (c(7),C(¢)), the minimization of

Jprc(c(t),C(t)) in (3.17) is equivalent to the minimization of expected LQ cost (3.20).

The above equations of (3.20)-(3.22) follows a similar development in [65, 66, 67] by

Goulart and Kerrigan, but is adapted for the proposed parametrization (3.2).
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3.3 Computation of the FH Optimization Problem

This section discusses the computation of the the FH optimization problem ﬁﬁp Clx(r),w(1)).
Inequalities (3.8¢) and (3.8d) can be restated, using characterization of ¥ and X given

in Assumption 1.4.1, as

X(1)
7. 0 7,

x(NJt) | < Ingre, Y W() e W™ (3.23)
0 G O

u(?)

where ¥, := Iy @Y, ¥, :=Iy®Y,, X(¢) := [xT (0]t) --- xT (N—1|t)]" and the dependence
of x(¢),u(z) on w(z) are shown explicitly. Using expressions of x(¢) and u(¢) from

(3.29), (3.23) can be written as

Ax(t)+ Be(t)+ Fvee(C™ (1)) + max [BCT(t)+G|w(r) < 1 (3.24)

w(t)ewnN

where s := Ng + g, the max operator is taken element-wise and

. 0 7, ) oy ) B
Y ;= , o =Y , B:=Y (3.25)
0 G 0 Ay B
_ Gy ) B,
G .=y L Fo=Y((w() ® ) (3.26)
9, B

Using the expression of (1.35), WN = {w|Hw < 1,,H :=Iy®H,{ := Nr}. Let y; be the

i" row of (#C*(t) +9), then each row i of the maximization in (3.24) can be related
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to a linear programming problem in w(z),

m§1§{uiw(t)| Hw(r) < 1/} (3.27)

and following the standard procedure in robust optimization reviewed in Section 2.3.1

(see [62, 63] for more details),

max { ()| Hw(r) < 10} = min{1] "2 = ] 2 > 0}
w(t Zi

where z; € R’ is the dual variable of the primal LP. Let Z := [z - - - z,] € R***. By standard
duality results given in Section 2.3.1, constraint (3.23) can be written as a set of linear

inequalities in ¢(¢), C(¢) and Z as follows,

(

Ax(t) + Be(t) + Fvec(C (1)) +27 -1, < 15,

ZTH = BCH(1) + 9, (3.28)

ZiZ()? iE{l,"-,S}
\

It is known that 220FC (x(¢),w’(t)) is feasible if and only if (3.28) is feasible. With these
results, the computation of the solution to Z2FC(x(t), w’(¢)) corresponds to solving a
convex quadratic programming problem with convex quadratic cost function (3.17) and

linear constraints (3.28) in ¢(z), C(¢) and Z.

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



3.4 Feasibility and Stability of the Closed-Loop System 60

3.4 Feasibility and Stability of the Closed-Loop System

The feasibility of 222FC(x(¢),w’(¢)) and stability of the closed-loop system under the

feedback law kPFC(-,.) of (3.14) are addressed in this section.

Theorem 3.4.1 If 20FC (x(t),w'(t)) admits an optimal solution, so does the FH opti-

mization problem 29FC (x(t +1),w"(t + 1)) under the feedback law (3.14).

Proof: See Appendix 3.A.3. ]

Theorem 3.4.2 Suppose x(0) € Z, NDF C and Assumption 1.4.1 is satisfied. System (3.1a)
under MPC control law (3.14) has the following properties: (i) (x(t),u(t)) €Y forall t >
0, (ii) limy o [ (1) = 0 element-wise, (iii) x(t) — Fo(Kf) as t — oo, (iv) If (A5) of Assump-
tion 3.2.1 is satisfied, lim; oo B [x(1)x(t)"]| = Ee, where Loo = XL, PL.PT =¥, -3,

and ® = A+ BKy.

Proof: See Appendix 3.A.4. n

Remark 3.4.1 The presence of C™(t) in (3.2) is important in Theorems 3.4.1 and 3.4.2.
Specifically, (&(t +1),C(t + 1)) of (3.31) may not be feasible if W" is not included in the
parametrization of (3.2), see also Remark 3.A.1. Other feasible (c,C) exist and they are

discussed in Chapter 4.

It is interesting to note, from Theorems 3.1.1 and 3.4.2, that the asymptotic behavior of

the closed-loop system is determined only by the terminal feedback gain K. Hence Ky
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offers freedom to control the system asymptotic behavior. One method of designing Ky

to control the system asymptotic behavior is introduced in Chapter 6.

3.5 Numerical Examples

In this section, the performance of the proposed MPC control law is illustrated on an

example system with n =2,m = 1. The system parameters and constraints are:

A=| , B= . W= {w| |w]|. <02}

Y = {(x,u)] Ju| < 1, ||x]w < 10}, Ky = [0.4991 —0.9546]

where Ky is the LQR feedback gain with

1 0 2.6093 0.21

0 1 0.21 2.1837

Terminal set X is the corresponding maximal constraint-admissible disturbance invari-

ant set of (3.1a) under u(r) = Kyx(t).

In the first simulation, w(t) is uniformly distributed over the W set. The proposed ap-
proach is simulated with ¥, A chosen according to (3.21), x(0) = [-3.87 2.18]” and
N = 5. The simulation results are shown in Figure 3.2 and 3.3. In Figure 3.2, Xy and an

outer bound of F., F.., are plotted. The outer bound F. is used because the exact Fl is
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not computable. The procedure for computing F., follows that given in Section 2.2.1. It
is clear from these figures that x(¢) stays within £, and /() — 0 as t — oo and that the

constraints are satisfied at all time.

3_

T2

1

Figure 3.2: State trajectory of the first simulation

0.5

0 5 10 15 0 5 10 15
t t

Figure 3.3: Control trajectory of the first simulation

The second simulation attempts to show the difference between the stability result of

this work and ISS proved in [39]. In order to highlight the difference, w(z) is assumed
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to be

0.2 0'(1)
w(t) = —(0.9)" x 0.4 x

0.2 02(t)
where 0!(¢) and 8 (t) are uniformly distributed random variables between 0 and 1. And
two sets of parameters in the cost functions of two approaches are used. The two sets
used for (3.17) are S} = {W,A} (the one used in the first simulation) and S, = {¥ =
1, A=1hL}. The two sets used for the cost function in [39] are G| = {Q,R, P} (the one
used in the first simulation) and G, = {0.01 x Q,R, P} which satisfy the assumption
(Assumption 2) in [39]. Performances of the various cases are simulated with x(0) =
[~1.5 1.5]7, N =5 and the same disturbance realization. The results are shown in
Figure 3.4 and 3.5. It can be observed that the asymptotic behavior of the system using
the proposed approach depends on the choice of Ky only, but that of the other approach

is also affected by the choice of the parameters of objective function.

15

-1.5F

Figure 3.4: State trajectories of the proposed approach

The next simulation compares the sizes of %NDF € for the proposed approach and that
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0.5

Figure 3.5: State trajectories of the other approach

of [10]. The intention is to show the differences between the parametrization of (3.2)
and the parametrization of u(t) = Kyx+ c(t) where c(z) is a direct variable of the FH
problem, exemplified by the work of [10] and others. For comparison purpose, let
Pre(Xy) = {x|3u, (x,u) € Y,s.t. Ax+Bu+w € Xr,Yw € W}, the set of states that can be
brought into Xy in one step and Pre” = Pre - - Pre(Pre(Xy)), the r-times repeated appli-
cation of Pre(-). In general, the computation of 2, NDF € is expensive. An estimate of it
can be obtained by checking over a grid of points in the x space according to Remark
3.1.2. Figure 3.6 shows 2 sets: 5&”5RP C, the admissible set using approach proposed in
[10] and Pre®(X;). A *” point stands for a feasible initial state of 2?27C(x,0) and a
“x” stands for an infeasible initial state. As shown from the figure, t%sDF € is almost

indistinguishable from Pre®(X/) but is appreciably larger than L ERPC,
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Pre®(Xy)

|
w

Figure 3.6: Comparison of admissible sets

3.6 Summary

A new affine disturbance feedback control parametrization is proposed in this chapter.
This new parametrization is shown to have the same expressive ability as the time-
varying affine disturbance feedback parametrization proposed in [41, 39]. Therefore
the admissible set under this parametrization is equivalent to that under time-varying
feedback parametrization. The advantage of this parametrization is that F. stability is
achievable if a norm-like cost function of the design variables is minimized. In addition,
the size of the consequent F., is adjustable by regulating the terminal feedback gain K.
Finally, the performance of the controller derived under the new parametrization is illus-
trated by numerical examples and from the results it seems that the admissible set under
the new parametrization is larger than the one under fixed feedback gain parametriza-

tion.
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3.A Appendix

3.A.1 Proof of Theorem 3.1.1

For notational simplicity, the index |t is dropped from all variables and x(¢) is denoted,

without loss of generality, as x(0). Equations (3.8a) and (3.8b) can be rearranged as

X I % Ax(0)+Yw
u - 1 c+C w+Ctw
(0] 073 2/ x(0) +9w

HQ HOB+I1 c+C w+Ctw

2x(0) + Bre+ B.C W + (B,CT+ 9 )w

Ax(0) + Bue+ B,C W + (B,CT+9,)w

where

_ 1 0 0 0
BK; I 0 0
0:=1I—-Bx)" =
OV 2BK; ®VBK, -+ I 0
_cDN—lBKf ®N2BK; -+ BK; I

(3.29)

and

=@, B= 0B, b= 04, Ay:=H A, By:=1+HX 0B, G:=H Y.
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Comparing the expressions of u of (3.29) with (3.15), it follows that to get the same u

following equations are needed.

Bu(c+C W) = v— x(0) (3.30a)

#,CT = M-9Y9,. (3.30b)

In the above, CT, %,, M and ¥, are block lower triangular matrices. Hence, (M, v) can
be expressed in terms of (¢, C). This proves (i). To show that multiple (¢, C) exist for one
choice of (M, v), note that 4, is invertible following B, ! =1—_# (¢~ ' + B )1 % =
[— % Then Ct = (%,)"'(M—¢,) and ¢ = (%)~ (v — ,x(0)) — C~w" for any
choice of C™. Then the equivalence of %I\?F € and 2, Ié)F follows directly from (i) and

(i1).

3.A.2 Proof of Lemma 3.1.1

(=)TRFC (x, W") # 0 implies that there exists (& C~,C*) such that Z2FC (x, W") is fea-
sible. This also means that there exists (¥,M) such that (3.30) hold for (& C~,C™).
Let C- =0, ¢c= %, (V- ox) and Ct = %,/ (M —%,) and they are feasible to

PDFC (x, W) following Theorem 3.1.1. (<=) Obvious by the symmetry of (W', W").
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3.A.3 Proof of Theorem 3.4.1

The proof follows standard arguments in [10]. Let

(¢*(1),C*(r)) = argmin ZZ5FC (x(1), W' (1)).

Choose the feasible control at time 7 + 1 (&(r +1),C(t 4 1)) as

e(ife+1) = " (i+1r), VieZy—a, eN-—-1t+1)=0 (3.31a)
) C*(i+1,jlt) V(i,j) €Ly xLf_,

C(i,jlt4+1) = (3.31b)
0 i=N—-1VjeZf_,

and it is feasible to 22DFC (x(t +1),w’(t + 1)) due to the disturbance invariance of Xs
under control law u(t) = Kyx(t). Let T ¢) = {(¢,C)|3Zs.t. (¢,C,Z) € T} where T is
the polyhedron defined by (3.28). Since T is a polyhedron, so is T, c). As Jprc(e,C) is
a norm function, the set {(¢,C) € T, ¢)|Jprc(e,C) < Jprc(€(t +1), C(t+1))} is com-
pact. Hence, the optimum of Z2FC(x(t +1),w'(t + 1)) exists, following Weierstrass’

theorem.

Remark 3.A.1 It is to be noted that the choice of (3.31) as the feasible control is only
possible under the proposed parametrization (3.2). Specifically, j runs from 0 to N — 1.
If j runs from O to i as in the case of Chapter 4, a different feasible control at time t + 1

is needed, see the proof of Theorem 4.4.1.
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3.A.4 Proof of Theorem 3.4.2

(1) The stated result follows directly from Lemma 3.1.1, Remark 3.1.2 and Theorem
34.1.
(i) Let J* (1) := Jppe(e*(¢),C*(t)) and J( + 1) := Jprc(e(r +1),C( + 1)) where (&( +

1),C(r+ 1)) are given by (3.31). Then it follows that

N

T =T @+1)>T0) =St +1)=h{(@)) =h({*0) >0,V >0  (3.32)

where A(-) is as defined in (3.17). Hence, {J*(7)} is a monotonic non-increasing se-

quence and is bounded from below by zero. This means that

JL = 1limJ* (1) > 0 (3.33)

{—o0

exists. Repeating (3.32) for ¢ from 0 to e and summing them up, it follows that
00 > J*(0)—J5 > Y h(l()) >0 (3.34)
t=0

This implies that lim; .. 2(I(f)) = 0. Since ¥ and A are positive definite, this implies

that

lim ¢*(0]r) = 0 and lim C*(0, jlr) =0V j € Z_, (3.35)

t—o0
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and the stated result follows.

(iii) The system state under (3.14) can be written as

t—1 t—1
x(t) = @'x(0)+ Y @ BIG) + Y @ w(i). (3.36)
i=0 i=0

The first term on the right approaches zero as t — oo since p(®P) < 1 and the second term
approaches zero following property (i1). The last term corresponds to a point in the set
F:=W@---®d W, which approaches F., as t — co. Hence the stated result follows.

(iv) Let Xoo := 7 (@ w(i). Then E(x.) = 0 and
E(xeoxl) =L =%, + DX, +- .. (3.37)

following the assumptions in (A5) By pre- and post-multiplications of & and &7 of

(3.37) respectively, the stated result follows.
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Chapter 4

Probabilistic Convergence under Affine

Disturbance Feedback

In this chapter, an affine disturbance feedback control parametrization is proposed. This
parametrization differs from that proposed in Chapter 3 in that it does not use past re-
alized disturbances. However, it has the same expressive ability and yields the same
admissible set. The use of this parametrization and an appropriate cost function yields
a different closed-loop convergence property: the state of the closed-loop system con-
verges to a minimal d-invariant set with probability one. Deterministic convergence to

the same minimal d-invariant set is also possible if a less intuitive cost function is used.
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4.1 Introduction and Assumption

This chapter continues to consider the CTLD system,

x(t+1) =Ax(t) + Bu(t) + w(r) (4.1a)

(x(t),u(t)) €Y, wt) e W, ¥Vt >0 (4.1b)

which satisfies Assumption 1.4.1. Additionally, w(t) is assumed to satisfy the following

assumption for the discussion in this chapter.

Assumption 4.1.1

(A3a) the disturbances w(t) t > 0 are independent and identically distributed (i.i.d.)

with zero mean.

One other technical condition is also needed but its discussion is postponed until Section

4.2.

The MPC controller kPFC(x,w") in (3.14) of Chapter 3 requires the knowledge of re-
alized disturbances w’” for its computation and is different from a traditional MPC con-
troller. This chapter relaxes the utilization of this realized disturbances w” while pre-

serving similar convergence result.
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The rest of this chapter is organized as follows. Section 4.2 states the proposed control
parametrization, the FH optimization problem and the cost function used. Computation
of the FH optimization problem is briefly discussed in Section 4.3. The result of prob-
abilistic convergence of the closed-loop system state is given in Section 4.4. Section
4.5 discusses a formulation that strengthens the convergence result under a weaker set
of assumptions. This, however, requires the use of a somewhat less intuitive cost func-
tion. Numerical examples are the contents of Section 4.6 and they are followed by the

summary of this chapter.

4.2 Control Parametrization and MPC Formulation

The proposed control parametrization within the FH optimization problem takes the

form

i

u(ilt) = Kex(ilt) +d(ilt) + Z D(i, jltyw(i— jlt) Vi€ Zy_ (4.2)

J=1

where d(i|t) € R",D(i, j|t) € R™",j € Z},i € Zy_ are design variables and K is
the feedback gain given in (A4) of Assumption 1.4.1. Since j € Z;", w(i — j|t) are all
predicted disturbances and no elements of w’(¢) are used in (4.2). In this regard, (4.2) is
similar to «”F in (1.27) in that only predicted disturbances are used in the parametriza-
tion. In addition, parametrization (4.2) is equivalent to #”’ and (3.2), denoted hear after

as uPFC | in terms of the family of functions that can be represented.
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Remark 4.2.1 To see the equivalence of (4.2) to uPF in (1.27) and uPF€ in (3.2), set
C(i, jlt) =0 for all j > iin (3.2) and it follows that u(i|t) in (4.2) is a special case of

u(ilt) in (3.2). To show the converse, let

d(il) = c(ile) + XYY Cl, jleyw(i— jlo), Vi€ Zn
(4.3)
D(i, jlt) = C(i, jlt), Vj<i, Vi€ Zy_

for any c(ilt), C(i, j|t) that defines u(i|t) in (3.2). This establishes the equivalence
of (3.2) and (4.2). The expressive equivalence of (3.2) and (1.27), has already been
established in Theorem 3.1.1 and [68, 69]. With the above result, the representative

abilities of (1.27), (3.2) and (4.2) are all equivalent.

Let x(¢), u(r) and w(z) be defined in the same way as in (3.4) and collect all the design

variables in (4.2) within the control horizon N in

_ 0 0 0 0_
D(1,1]f) 0 0 0

D(r) := :
D(N-2,N—2|t) D(N—2,N—3[t) --- 0 0
DIN—-1,N—1Jt) DIN—1,N—=2[t) --- D(N—1,1]t) 0
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d(0[r)

d(1lr)

d(N —1]r)

Then the control sequence defined by (4.2) is

u(r) = x(t) +d(r) + D(r)w(z) 4.4)

where % := [Iy® K; 0].

Remark 4.2.2 Remark 4.2.1 implies that by letting ¢ =d, C~ =0 and C* =D, (3.8b)

becomes (4.4). Then due to (3.30), (d,D) and (v,M) must satisfy

Bd = v—ao,x(0) (4.52)

BD = M-9Y,. (4.5b)

to obtain the same u(t) of (4.4) and (3.15). Additionally, the mapping between (d,D)
and (v,M) is one-to-one since 9B, is a lower triangular matrix with all diagonal ele-

ments being 1 and hence invertible as shown in Section 3.A.1.
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Using the notations defined in (3.9), (3.10) and (4.4), the FH optimization problem under

parametrization (4.2), referred hereafter as 20FP (x(t)), is

Jhin Jprp(d(t),D(t)) (4.62)
st x(t) =x(t)+ PBu(t) +9w(t) (4.6b)
u(r) =x(t)+d(t) +D(t)w(z) (4.6¢)
(x(i]t),u(ilt)) €Y, Vw(t) e WV, Vie Zy_, (4.6d)

x(N|t) € Xy, vV w(t) e wh (4.6¢)

where the terminal set Xy is given in (A4) of Assumption 1.4.1. The cost function

Jprp(d(t),D(t)) takes the form

N—1 ]
Jprp(d(1),D(1)) := ZO I (i) 5 + ZIHVGC(D(Z',J'II))Hi 4.7)
i= j=

for any choice of W and A that satisfy

=9l 0 A3, 0¥ (4.8)

where X,, is the covariance matrix of disturbance w and vec(+) is stacking operator de-
fined in (2.16). Clearly, Jprp(d,D) is a measure of the deviation of u(i|t) from the
linear control law Kyx(i|t) and the motivation for it as the objective function is clear:

penalizing the use of non-zero (d, D) forces the asymptotic behavior of the closed-loop
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system to approach that of x(t + 1) = (A +BKy)x(t). The technical condition (4.8) is to
ensure convergence of the closed-loop states and its exact role will become clear in the

proof of Theorem 4.4.2. Several comments on Jprp(d,D) are in order.

Remark 4.2.3 Following the same procedure of Section 3.2, a connection between
Jprp(d(t),D(z)) and the standard LQ cost can also be established. Specifically, un-

der Assumption 3.2.1

N—1
Eyw) Zé(Hx(i\t)HéJr\\u(i!t)l\zze)+\!x(N\t)|!%
= x(¢)T Px(r) + Ntrace(Z,,P) + Jprp(d(r),D(1)). (4.9)

Since the first two terms on the right hand side of (4.9) are independent of (d(t),D(t)),
minimizing Jprp(d(t),D(t)) is equivalent to minimizing the expected infinite horizon

LQ cost over the disturbance input.

Remark 4.2.4 From (4.8) and (4.9), it may appear that X, is needed for the determi-
nation of A. However, this is not true. The choice of A can be made to satisfy (4.8)
even when X, is not known accurately. One simple choice is to let A = 0*I, @ ¥ where
o = maxyew |w||. Then it follows that A = ¥,, @ because a*I, = ww! for all w € W
and oI, ¥ - Eww!| @ W. Consequently, (A3) of Assumption 1.4.1 provides condi-

tions that guarantee the computability of max,,cw ||w||-
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Further discussion on the choice of W and A and their influence on closed-loop system
trajectories are discussed in Section 4.4. Several associated sets, needed to facilitate the

discussions in the sequel, are introduced. Let the feasible set of optimization problem

PDFD(x) be

PP := {(x,d,D)| (d,D) is feasible to 22077 (x)} (4.10)

and the set of admissible initial states, or equivalently, the domain of attraction of the

MPC controller is

2 PFD .— (x| 3 (d,D) such that (x,d,D) € TPFP}. (4.11)

Remark 4.2.5 One direct result following Theorem 3.1.1 and Remark 4.2.1 is that

DFD __ DFC _ DF
APFD — gDFC — g DF,

As usual, ZDFP(x(t)) is solved at each time ¢ to obtain the optimizer (d*(¢),D*(¢)) and

the first control, u*(0|¢), is applied to (4.1) at time ¢ resulting in the MPC control law,

u(t) = KPPP(x(1)) := Kyx(t) +d* (0]t). 4.12)
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4.3 Computation of the FH Optimization

Similar to constraint (3.24), constraints (4.6b)-(4.6e) can be written as

Ax(0)+ 2d(t)+ max [BD(t)+9|w(t) <1y (4.13)
w(r)ewN

where s = Ng+g, WV := {w|Hw < 1,}, o/, % and ¥ are given in (3.25) and (3.26).

Using the procedure given in Section 3.3, 222FP(x(t)) can be equivalently stated as

i Jprp(d(t),D 4.14
ain prp(d(t),D(7)) (4.14a)
st. x(t)+Bd()+ 271, < 1 (4.14b)
Z"H=2D(t)+9 (4.14c)
2;>0,i=1,...,s (4.14d)

where Z = [z -z, € RY*s. In the conversion from (4.13) to (4.14b)-(4.14d), strong
duality of linear programming is used. This duality results can be extended to W sets
that are non-polyhedral. See, for example, treatments of such sets in [44] by Ben-Tal and
Nemirovski and [70] by Nemirovski. If W is a second-order cone [71, 72] representable
bounded set with non-empty interior such that WY = {w| |[Liw — ;|| < ATw—6;, i €

Z,j} for some matrices L;, [;, A;and 6;, i € Z,‘:, then it follows from duality that

k k
max{e! wjwe WV} = (211%1{2 ZLTu, niki) =e, ||l <mi, Vie Z;}.
i) i1 i=1
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(4.15)

In this case, 2P (x(t)) is a second-order cone programming problem.

Similarly, if W is a bounded semi-definite cone representable set with non-empty in-
terior such that WN = {Q ¢ RN”]Z?IZ"I QCi—F =0, Vie Z;gn} where C; and F are

symmetrical matrices of appropriate dimension, then
max{e’w|wec W'} = m%n{Trace(FT)| Trace(C;Y) =e;, Vi€ Zy,, Y < 0}. (4.16)
In this case, Z2FP(x(t)) is a semi-definite programming problem.

Remark 4.3.1 While the duality result is available for W being a second-order or
semi-definite cone representable set, the availability of Xy satisfying (A4) of Assump-
tion 1.4.1 deserves some clarifications. When W is non-polyhedral, computation of a
constraint-admissible disturbance invariant set Xy may not be easy. A simple approach
is to construct a polytope W), such that W, D W and W, ~ W. In that case, a Xy can
be constructed using W), following existing computational methods [37]. Using this
Xy in (4.6e), PRFP(x) becomes either a second-order cone or a semi-definite cone
programming problem. It is worthy to note that the use of such an Xy in (4.6e) and
with w(t) € W in both (4.6d) and (4.6e) is less conservative than replacing W by w,
throughout (4.6d)-(4.6e). An example using such an approach is illustrated in Section

4.6.
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4.4 Feasibility and Probabilistic Convergence

The feasibility of 222D (x(¢)) at different time instants and stability of the closed-loop

system under the feedback law (4.12) are addressed in this section.

Theorem 4.4.1 Suppose Assumption 1.4.1 is satisfied, the FH optimization problem

e@]L\?F D(x) has the following properties (i) TA’?F D

is convex and compact. (ii) If x €
ZPED | the optimal solution of PR¥P (x) exists. (iii) If 22FP(x(t)) admits an opti-
mal solution, so does P2FP (x(t + 1)) under the feedback law (4.12) for all possible

w(t) e W.

Proof: See Appendix 4.A.1. [

Remark 4.4.1 The set %, NDF D can also be proved to be convex and compact. Interested

readers can refer to Section 3.4 of [73].

The main result of probabilistic convergence of the closed-loop system is stated in the
next theorem. Such a convergence is achieved under the Assumption 1.4.1, Assumption

4.1.1 and condition (4.8).

Theorem 4.4.2 Suppose x(0) € Z:PTP and Assumption 1.4.1 and Assumption 4.1.1
are satisfied. System (4.1a) under MPC control law (4.12) obtained from the solution
of Plf,)F D(x) using cost function (4.7) satisfying (4.8) has the following properties: (i)

(x(t),u(t)) €Y forallt >0, (ii) x(t) — F.(K) with probability one as t — oo,
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Proof: See Appendix 4.A.2. n

One associated issue in the formulation of Z22FP(x) is the choices of ¥ and A in
Jprp(d,D). How should ¥ and A be chosen and how do these choices affect the closed-
loop system trajectories? As x(t) — Fe. from result (ii) of Theorem 4.4.2, it implies that
x(¢) enters Xy with probability one and stays within thereafter since F.. C Xy. When this
happens, the optimal (d,D) are zero in 227 (x) and the MPC control law becomes
u(t) = Kyx(t) for all  thereafter. The closed-loop system behavior then corresponds to
that of the system x(z 4 1) = (A +BKy)x(t) +w(t). Clearly, the choices of A and ¥ does

not affect the asymptotic behavior of the system but only the transient when x(¢) ¢ X;.

Suppose A = X,, ® Y. Then admissible changes in W will not result in changes in the
system behavior since X,, ® W is linear in . On the other hand, if ¥ is fixed, A can
be chosen to be increasingly “larger” than X,, ® W. In loose terms, a “larger” choice
of A penalizes the use of D versus the use of d in J(d,D). Such a preference would
mitigate the effect of the disturbance feedback component in the control parametrization,
resulting in a parametrization that is closer in spirit to u(¢) = Kyx(t) +c(t) of [10]. When
this happens, the transient response for the system may become slower even though the
domain of attraction 2, Ié)F D remains unaffected. This observation together with the

associated details used in the numerical examples are discussed in Section 4.6.
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4.5 Deterministic Convergence

While the assumption of W being a compact set is reasonable, the assumption of w(z)
being zero mean and i.i.d. is harder to verify in practice. This section is concerned with
the relaxation of Assumption 4.1.1 while achieving a stronger convergence result than

that of Theorem 4.4.2. To this end, the following new cost function is needed.

N-1 i
Vorp(d(t),D(1)):= Y, (i)l + Y (nllvec(D(, jin)|* + rallvee(D(, jl)])
i=0 j=1
(4.17)
for some constants y; and 9 satisfying
n > &), % > 2aB||Y| (4.18)

where o := max,ew ||w| and B := MAX (1) d(),D(e)) TP i€ Ty ||d(i]t)]|. The existence
of o and f are guaranteed by compactness of the W and T sets, provided for in (A3)
of Assumption 1.4.1 and part (i) of Theorem 4.4.1 respectively. Furthermore, the com-
putation of B can be simplified to § = max ) q()p())erpre [4(0[1)]. see Appendix

4.A3.

Let Jprp(d(2),D(t)) in 2DFP(x(¢)) be replaced by Vprp(d(t),D(¢)), and denote the
resulting FH optimization problem by 22DV (x(t)). Since only the cost function is re-

placed, the admissible set of 2207V (x(t)), denoted by 2;PFPV | is equivalent to 2P,

DFDV(‘>

Also denote the corresponding MPC control law by k . The convergence result
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under controller u(¢) = KPPV (x(t)) is summarized in the following theorem.

Theorem 4.5.1 Suppose x(0) € %A’,)F DV Assumption 1.4.1 is satisfied, then system
(4.1a) under the MPC controller u(t) = kPFPV (x(t)) satisfies (i) (x(t),u(t)) €Y for all t >

0, (ii) x(t) — Fo(Ky) ast — oo,

Proof: See Appendix 4.A.4. [

Remark 4.5.1 Several choices of the cost function of (4.17) are possible. For example,
the results of Theorem remain true if ||vec(D(i, j|t))|| is replaced by ||D(i, j|t)||. This
may appear more appealing as less conservative bounds on y; and > can be found to en-
sure the non-negativity of p(w(t)) in (4.32). However, its use will result in a semi-definite
programming problem for 20FPV (x(t)), which is less desirable computationally. The
use of ||vec(D(i, j|t))|| or |D(i, j|t)||F results in a second-order cone programming for

POEDY (x(1)) and is computationally more amiable.

4.6 Numerical Examples

Four examples are presented to validates the results of this chapter. The system param-

eters and constraints of the system are:

A= . B= . Ky =[—0.7434 —1.0922],
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Y ={(x,u)] |u] <1, [|x]lo <8},

1 —-0.2
W = {H|H = and []].. < 0.2}

0 1

where W € R? is a random vector uniformly distributed over [—0.2,0.2] x [—0.2,0.2]
with covariance matrix Xy = 0.0133/,. Terminal set Xy is the corresponding maximal
constraint-admissible disturbance invariant set of (4.1a) under u(t) = Kyx(t), specifi-

cally
—0.7434 —1.0922

0.7434 1.0922
Xf:{x| Gx < 14}7 G=

0.8252 —0.2391

—0.8252  0.2391

The weight matrices in the cost function (4.7) are chosen to be

0.0139  —0.0027
Y=1, A=Ay :=25,0% =

—0.0027 0.0133
The algorithm using cost function (4.20) is simulated with N = 8 and x(0) = [-4 2]
over 15 realizations of disturbance sequences and the results are shown in Figures 4.1
to 4.4 in solid lines. It is clear from Figures 4.1 and 4.2 that both the state and control
constraints are satisfied by all trajectories, in accordance to property (i) of Theorem
4.4.2. In addition, Figure 4.1 shows the convergence of x() into Fi(K/), an outer
bound of the minimal invariant set associated with the choice of K. This convergence

is further verified by solid lines in Figures 4.3 and 4.4 where the plots of dis(x(t), Fw) :=
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min,_pz ||x—x(t)||, the minimum distance to ., and d(t) := d*(0|¢) against increasing

t are shown.

Figure 4.2: Control trajectories of the first three simulations

The case where W is non-polyhedral is shown in Simulation II, in connection to Sec-
tion 4.3. The system considered is that of Simulation I but has a different disturbance

characteristic: w is uniformly distributed over W := {w| ||S1w|| < 1, ||S2w|| < 1} where
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10

Figure 4.3: Distance between states and F..(K) of the first three simulations
0.5

10

Figure 4.4: Values of d(t) of the first three simulations

SINGAPORE
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Sy =[5 1; 0 2.5 and S} = [2.5 0.5; 0 5]. Note that a tight bounding polytope, W,,,
such that W, D W, is the W set of Simulation I (see Figure 4.5) and (A4) of Assumption
1.4.1 is satisfied using X of the first simulation. Also, ¥ and A of the first simulation
are used and it is easy to verify that condition (4.8) remains true because X,, > X. In
this case, W is a second-order cone representable set and the conversion of (4.6d) and
(4.6¢) for all w(i|t) € W follows the procedure in Section 4.3, results in 227D (x) be-
ing a second-order cone programming problem. The simulation results with N = 8 and
x(0) = [2 —1]T for 15 different realizations of {w(¢)} are plotted in Figure 4.1 to 4.4

using dash-dot lines.

02 /Wp =W
0.151

0.1

0.05r

-0.051
-0.1
-0.151
-0.2
-0.25

N

Figure 4.5: W, set and W set.

Simulation III attempts to understand the influence of the weight matrices, A and ¥ of
(4.7), on the performance of the closed-loop system. As stated in Section 4.4, choices of
these matrices affect only the transient behavior when x(¢) ¢ X and not the asymptotic

behavior of the closed-loop system. To quantify the transient, the average number of
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time step, #7(x(0)), taken to enter X from a given x(0) is reported. Here, the average is
taken over different realizations of the disturbances. Without loss of generality, values
of A is varied following the discussions in Section 4.4. Table 4.7 shows the 77(x(0)) and
the associated standard deviation over 20 disturbance realizations for several choices of
x(0) and A. For each x(0), the same 20 disturbance realizations are used for the different
A in computing #7(x(0)) and the standard deviations. From the table, #7(x(0)) generally
increases when A increases. For comparison purpose, the corresponding trajectories of
the system under same settings as the first simulation except for A = 104A(,p are plotted
in Figure 4.1 to 4.4 using dash lines. From Figure 4.3 and 4.4, the slower convergence

of the state and control trajectories are clearly evident.

The last simulation, Simulation IV, considers the case discussed in Section 4.5. The sys-
tem parameters are the same as those in the first simulation except that the distribution
of W is assumed to be unknown. Hence, o is 0.3124 and B of (4.18) are determined
to be 2.7307 (when N = 8) and 3.5425 (when N = 10). Correspondingly, the weight
matrices of (4.17) are chosentobe ¥ =1, 1 = ¢/” := o?||¥|| =0.0976, 1, =1, :=
20 ||| = 1.7059 (2.213 when N = 10). The values of y; and 9, are increased sepa-
rately and jointly to assess their influence on the system behavior. Similar to the third
simulation, the response of the system with several choices of the weight matrices are

simulated over 20 series of disturbance realizations.

The general effect of increasing values of ¥, and 9 appears to have similar trend on the
system as the increase in A. The time taken to reach X, from any given x(0) increases,

although of a lesser percentage than that by A, with increasing values of y; and p» with
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7> having a heavier influence.

4.7 Summary

A control parametrization that does not make use of past realized disturbances is pro-
posed in this chapter. This parametrization preserves the expressive ability of the parametriza-
tion in Chapter 3. Using this parametrization and a proposed cost function under the
MPC framework, the closed-loop system state converges to the minimal robust invariant
set F.. with probability one. Deterministic convergence to F. is also possible using a

less intuitive cost function.

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



91

4.7 Summary
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4.A Appendix

4.A.1 Proof of Theorem 4.4.1

(i) It is easy to see that for each i € Zy_1, (x(i|t), u(i|t)) are affine functions of (x(),d(z),D(7))
from (4.6b)-(4.6¢). This, together with the fact that ¥ and X, are convex and compact
sets, means that the feasible set T2FP, as defined by constraints (4.6b)-(4.6¢) is con-

L PED - pDFD (x) is feasible. From (i), this means

vex and compact. (i) Since x €
that ITRFP (x) := {(d,D)|(x,d,D) € T,2FP} is compact. This, together with the fact that
Jprp(d,D) is continuous with respect to (d,D) means that the optimal solution exists by
Weierstrass’ Theorem [74]. (iii) The proof follows standard arguments but the details

are given for their relevance to Theorem 4.5.1. Let (d*(¢),D*(¢)) denote the optimal

solution of 222FP (x(t)). At time ¢+ 1 when w(t) is realized, choose (d(z +1),D(t + 1))

by letting
(
R d*(i+1t)+D*(i+ 1,i+ 1jt)w(t) Vi€ Zy_s
dijt+1) = (4.19a)
0 i=N-—
\
(
X (D*(i+1,jt) VjeZl VielZ ,
D(i,jlt+1) = (4.19b)
0 Vji€Zy ,,i=N-1
\

and it is feasible to Z0FP(x(t + 1)) for all possible w(t) € W due to the disturbance

invariance of Xy for system (4.1a) under control law u(r) = Kyx(¢). It is clear that
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HﬁF D(x) is compact for all x € 2, NDF D Since W is bounded and Jppp is a norm function,
max,,() Jprp(d(t + 1),D(1 + 1)) < eo and the set {(d,D) € IR (x(r +1))|J(d, D) <
max,,(;) Jprp(d(t+1),D(z + 1))} is compact. Hence, the optimum of Z2FP (x(t + 1))

exists, following the Weierstrass’ theorem.

4.A.2 Proof of Theorem 4.4.2

(i) The stated result follows directly from Theorem 4.4.1. (ii) Let J*(¢) := Jprp(d*(z),D*(z))
and J(t 4+ 1) := Jprp(d(t 4+ 1),D(t + 1)) where (d(t + 1),D(z + 1)) are given by (4.19).

Then it follows that

~

)~ e+ 1)

N-l . N—1
= Z(,)(Hd*(iﬁ)ﬂgy— Id(ile +1)]1&) + ; [vec(D* (i, 1)) I3
- N-1 Ali N
= @ 0ln)y+ ; (Id* )% — ldGi— 1)e+ D)%) +

i= =

1
lvee(D* (i,l)) I3
1

N—1 N—1
= |l O l[g+ Y, (I GlI% — ld* (ile) + D" (i, il)w(e) [§) + Y, [lvee(D* (i,ilt))|[3

i=1 i=1

= ||ld*(0]) || + g(w(1)) (4.20)

where

N—-1

g(w(r)) = ; (lvee(D™ (i, l) IR — 2" (ile) D" (i, le)w(r) — || (D* (i, il )w (1) )

(4.21)
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Taking the expectation of (4.20) over w(z), it follows that

A

JH(t) = |d*(010)[§ = Eugyy [Jt + )] +Epi [g(w(1))]

>Eyq [Jt+1)] (4.22)

> By V7 (t+ 1)) =B 7 (1 +1)]. (4.23)

where E; in (4.23) is the expectation taken over w(i), i > t. Inequality (4.22) follows
from the fact that E,,,)[g(w(¢))] > 0. This is true because by taking the expectation of

(4.21), one gets

where the last term is zero due to Assumption 4.1.1 and the rest is non-negative due to

(4.8).

Inequality (4.23) follows from the fact that /(¢ +1) > J*(t + 1) for every w(t) € W which
implies that E,, ) J(t+1)] > E, ) [J*(t +1)]. The last equality of (4.23) follows from

the fact that J* (¢ + 1) depends on w(z) only and not on any w(i),i > .

Repeating the inequality of (4.23) for increasing 7, one gets,

T+ 1) = [|d* (Ol + 1) [y = Eyygry1y [V (1 +2)]
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Since the two terms on the left hand side depends on w(z) and the term on the right

depends on w(¢) and w(t + 1), the above can be equivalently written as
T+ 1) (w(0) = |d* Ol + 1) (W) = By [ (0 +2)(w(e), w(t +1))]. (4.25)
The above inequality holds true for all possible w(r), hence
Epy() [/t + 1) (w(t))] = By [l (Ol + 1) (w(1)) 3]
> By [Bupan V(@ +2)(w(@),w(t + D) = B[ +2)(w(t), wir+ 1)) (4.26)
or equivalently
E [J*(t+ D] = Ed[[|d* (0] + 1)[[§] > E,[J* (1 +2)] (4.27)
The equality in (4.26) follows from the i.i.d. in Assumption 4.1.1, particularly,
Ey) [Eyer1) (£ +2) (w(t), w(t +1))]]
= By | [ 7+ DO DM (000 + )G+ 1)
= [ [T 20000+ D) gy o9l D)+ 1) oy (00w ()

= [ [T+ D000l 1) ) (00, w0+ 1))l + 1lw(0)

= Ey@)ween) E+2)(w(t),w(t + 1)) =E [J"(t +2)(w(t),w(t +1))]
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where f,1) ("), fu+1) (") @and fiu) w(e+1) (-, ) are density functions of w(t), w(z+1) and
their joint density function respectively and f,,) w(r+1)(*s*) = foo(r) () fuw(e+1)(+) from

1.1.d. Summing (4.23) and (4.27) leads to
JH(t) = || d*(00) 1§ + Eq[l|d* (O[z + 1)|[] + Ee [/ (1 +2)] (4.28)

Repeating the above procedure infinite times leads to

o3}

oo > J*(t Z [[1d* (0]3)[|%] (4.29)

By applying Markov bound (given non-negative random variable 11 and any € > 0,

E[n] > ePr{n > €}), we have

o> £ Y Pr(|d* (0]} > ) (4:30)

i=t

for any arbitrary small € > 0. From the First Borel-Cantelli Lemma [75], this implies
that lim;_... Pr(||d*(0]i)||3 > €) = 0. Hence d(0|i) — 0 with probability one as ¢ in-
creases. Consequently, the MPC control law (4.12) converges to Kyx(¢) with probability
one. When this happens, the closed-loop system converges to x(z + 1) = ®x(1) + w(t)

and, hence, x(¢) converges to F..(Ky) with probability one.

4.A.3 Computation of 3

For notational simplicity, notations (¢) and |t are omitted here.
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Tosee B := MaX(, 4 p)eTPFL icZy_ | ld(@)|| = Max, g p)erPFo ld(0)]|, it is needed to show
that for any (x,d, D) € T,?¥P and any integer i € Zj; _,, there exists (¥,d,D) € TPFP such
that d(0) = d(i). Suppose (x,d,D) defines the state sequence {x(0),...,x(N)} and con-

trol sequence and {u(0),...,u(N —1)}. Also let {%(0),...,%(N)} denotes the nominal

value of {x(0),...,x(N)}. Define (#,d,D) to be

R S 3 d(j+i) Vje€Zn-1-
F=x(i)=@x+ Y @ '/Bd(j), d(j)= :

Jj=0 ..
0 N—i<j<N-1

and

5 D(j+i,k) VjEZ?V'_l_i
D(j,k) = keZ.

0 N—i<j<N-1
It can be verified that (#,d, D) defines the state sequence
. i_] . .
{x(i), - x(N), @x(N) +w(N), - . @x(N) + Y @ w(N + j)}
j=0
and control sequence

i—1
{u(@), - ,u(N —1),Kx(N),- -, Kp(D'x(N) + Zocb"—l—fw(Nﬂ))}.

According to (4.6e), x(N) € X . According to (A4) of Assumption 1.4.1 under controller
u(i) = Kyx(i), all the constraints are satisfied and x(i) € Xy for i > N since x(N) € X;.

Therefore, (¥,d, D) satisfies (4.6b)-(4.6¢) and hence (%,d,D) € TPFP.
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Note that any upper bound of 8 can be used to guarantee the results of Theorem 4.5.1.
One such upper bound is  := ||| where () := max, g p)er |d;(0)] and d;(0) is the
th element of d(0). Hence, the value of B can be computed efficiently by solving n

LPs.

4.A.4 Proof of Theorem 4.5.1

(i) The replacement of cost function Jprp(d(z),D(7)) by Vprp(d(t),D(¢)) does not af-
fect the feasibility of problem Z22FP(x(t)). This means that part (i) of Theorem 4.4.2
remains valid. (ii) Let V*(¢) and V(¢ + 1) be defined in the same manner as J*(¢) and
J(t+1) in the statement of proofs of Theorem 4.4.2. Following the same reasoning until

(4.20), it can be shown that

V()" =V(t+1) = |d"(0l)|[g + p(w(r)) (4.31)

where

N-1
p(w(r)) = Z (71 [[vee(D* (i, it)) ||* + 12l vec(D* (i, il1)) |

=2(d"(il))" D" (i, il yw(t) — ID* (i, dl)w() [§).  (4.32)
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Hence
p(w(r))

- I,V__:(””WD*(Z i) 12+ allvee(D* (i, i) | = 2/l Gl ¥ [ Iw ()1 [(D* G, 1) |
—[I WP D" G il)) 1)

= Ilv__ll(%HveC(D*(l i) || -+ alvee(D* (i i) || — 20B ||| (D" (i, i) )|
—a?|[ (|| (D" (i, il))1?)

= i:(%HveC(D*(l i) (1> + rallvec(D* (i,iln) | — 2B [|(D* (i, il1)) |
—a?||[I(D* (i, il0))[17) (4.33)

= Ilv__:(?’1||VCC(D*(l i[e))|I> + vallvee(D* (iyil)) | — 2B ||| vee(D* (i, il1)) |
—a?||¥|l[|vec(D* (i, iln)) 1) (4.34)

= 1:1((71 o () l|[vec(D* (i,ilt) > + (12 — 2B || ¥|)) | vee(D* (i, il)) )

=0 (4.35)

where ||D*(i,i|t)||F is the Frobenius norm of D*(i,i|t) and the facts ||D*(i,i|t)|| < ||D*(i,i|t)||r

and ||D*(i,i|t)||r = ||vec(D*(i,i|t))|| are used in (4.33) and (4.34). Hence, p(w(t)) >0

under (4.18). As a consequence, equation (4.31) implies

V(1) = [ld* (01) I > V*(t+1) 2 0 (4.36)
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Hence, {V*(¢)} is a monotonic non-increasing sequence and is bounded from below by
zero. This means that V., := lim,_,., V*(f) > 0 exists. Repeating (4.36) for 7 from 0 to oo

and summing them up, it follows that
00> V*(0) = Voo > Y [|d* (O)1) 1§ (4.37)
=0

Since ¥ is positive definite, this implies that lim;_..d*(0ft) = 0 and lim;,_.ou(t) =

Kx(t). Therefore, the stated result follows.
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Chapter 5

Segregated Disturbance Feedback

Parametrization

This chapter proposes a new control parametrization for MPC of constrained linear dis-
crete time systems with bounded additive disturbances. This parametrization takes the
form of a special piecewise affine disturbance feedback and is a generalization of the
affine disturbance feedback discussed in Chapters 3 and 4. Thus, the domain of attrac-
tion of the resulting closed-loop system using the proposed parametrization is expected
to be larger than those using affine disturbance feedback. Properties and the numerical
computation of MPC under the proposed parametrization are discussed. Under mild
assumptions of the disturbance set, the associated FH optimization can be computed ef-
ficiently. Stability of the closed-loop system with the proposed parametrization is also

ensured.
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5.1 Introduction

Like Chapters 3 and 4, this chapter is concerned with the CTLD system

x(t+1) =Ax(t) + Bu(t) + w(t), (5.1a)

(x(t),u(t) €Y, w(t) eW,¥Vt>0 (5.1b)

where the variables have the usual meaning and the system satisfies Assumption 1.4.1.

Additionally, w(t) is assumed to satisfy the following assumption

Assumption 5.1.1

(A3b) the disturbances w(t) t > 0 are independent and identically distributed (i.i.d.).

The rest of this chapter is organized as follows. Details of the new control parametriza-
tion and the MPC framework together with the cost function are given in Section 5.2. A
convex reformulation and computational issues are introduced in Section 5.3. Section
5.4 discuss the feasibility of the FH optimization problem and stability of the closed-

loop system. Numerical examples and summary are the contents of the last two sections.
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5.2 Control Parametrization and MPC Framework

This chapter generalizes the results and the parametrization given in Chapter 4 (a similar

generalization of the parametrization ¥?FC in (3.2) of Chapter 3 is available in [76]).

5.2.1 Control Parametrization

The proposed control parametrization is a special piecewise affine function of distur-

bance w. To be precise, let w € R” be segregated into its positive and negative parts

via

wP(w) := max{w,0}, w"(w):=max{—w,0}

(5.2)

where the max operation is taken component-wise, i.e., the ith element of w”(w), de-

noted by w!(w) = max{w;,0}. With this definition, it follows that for any w € R",

wP (w),w"(w) € R", wP(w) >0, w"(w) >0 and w = wP(w) —w"(w). The following

values are also needed for the new parametrization.

wP :=E,[wf(w)], w" :=E,[w"(w)], (5.3)
and define

wl(w) :=wP(w) —wP, W"(w) :=w"(w)—w" (5.4)
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Clearly, w”(w) and w"(w) have zero means. Hereafter, the dependence of w in w”(w),
w™(w), wP(w), w"(w) is omitted for notational convenience, except when warranted
by context. Using (W”,™) and similar to parametrization «”'? in (4.2), the proposed

u(i|t) takes the form

u(ilt) = Kyx(ile) + 1(ile), Vi€ Ty
(5.5)

(ilr) = d(ile) + Xy DP (i, jlO)wP (i — jlt) + X D™ (i, jle)w" (i = jlr)

where d(i|t) € R™, DP(i, j|t), D™ (i, j|t) € R™*" are the optimization variables, K is the
specified state feedback gain in (A4) of Assumption 1.4.1 and the disturbances W” (i —

Jj|t) and w" (i — j|t) are obtained from w(i — j|t) using (5.4).

Like w”(w), w™(w), u(i|t) in (5.5) is a special piecewise function of w and, because
of the particular choice of the pieces, is termed Segregated Disturbance Feedback.
Clearly, it is a generalization of linear disturbance feedback parametrization #”*? in
(4.2) (choose DP(i, j|t) and D™ (i, j|t) in (5.5) to be DP(i, j|t) = —D™(i, j|t) = D(i, j|t)

and the same d(i|t) to recover (4.2)) or those in (3.2) and (1.27). This is shown in the

following example.

Example 5.2.1 Consider the system

0 05 1 1
x(t+1)= x(t) + u(t)+ w(t)

0 O 0 1

where x(0) = [0;0], w(t) is independent, identical and uniformly-distributed over W =
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{w| |w| < 1} and the constraint set Y = {(x,u)| x; > —1.1, xp > —1.1, u > —0.2}. Sup-
pose it is required that the sequence x(-) has zero mean. Then, it can be verified that no
linear disturbance feedback law in the form of uPt?, uPtC or uPt (respectively (4.2),
(3.2) or (1.27)) can simultaneously satisfy the constraints and the zero mean require-

F

DFD \DFC qnd uPF have the same expressive ability, consider uPF as a

ment. Since u
representative case. Zero mean of x(1) with x(0) = [0;0] implies u(0) = 0. Also, then
u(1) =v+Mw(0). The zero mean requirement of x(2) with w(1) being zero-mean means
that E[u(1)] = 0 and hence v = 0, leading to u(1) = Mw(0). The choice of M is further
limited to |M| < 0.2 since u > —0.2 is a constraint and |w| < 1. The first component of
x(2) is x1(2) =w(1) + (0.54+M)w(0) and no M exists that can satisfy x;(2) > —1.1 and
M| < 0.2 simultaneously. However, the segregated disturbance feedback law, u(0) = 0,

u(i) =0.5W"(i— 1) —0.1WP(i — 1) is feasible to all constraints and requirement.

Let x(¢), u(r) and w(z) be defined in the same way as in (3.4). Using (5.4), w(z) is

separated into W” (), W (¢). The rest of the variables in (5.5) are collected in

_ 0 0 0 0
DP(1,1)r) 0 0 0

D’ (1) := ,
DP(N—2,N—2|t) DP(N—2,N-3|t) --- 0 0
D’(N—1,N—1|f) D’(N—1,N—2[t) --- DP(N—1,1]t) 0
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d(0lr)

d(1lr)

d(N —1]r)

0

D"(1,1|t)

D"(N—2,N—2[t) D"(N—2,N—3r)

D"(N—1,N—1|t) D"(N—1,N—2|t)

0 0
0 0
0 0

D"(N—1,1)) 0

Using these notations, the control parametrization of (5.5) within the control horizon

becomes

u(t) =2x(t)+d(t) +D"(1)W" () + D (r)WP (¢)

where % := [Iy® Ky 0].

(5.6)
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5.2.2 MPC Formulation

Using the above-mentioned notations, the FH optimization based on the control parametriza-

tion of (5.5) can be summarized as the following problem Z23PF (x(t)):

amin Jspr(d(2), D(1)) (5.72)
st x(t) = x(t) + Bu(t) + G (WP (1) —w"(1)) (5.7b)
u(r) = A'x(1) +d(1) + D" (1)W" (1) + D (1) W (1) (5.7¢)
(x(i]t),u(ilt)) €Y, Vw()eW", VieZy_, (5.7d)
x(N|t) € Xy, Vw(t) e WV (5.7¢)

where o7/, % and ¢ are the same as in (3.9) and (3.10), Jspr(d(¢), D(¢)) is an appropri-
ate cost function details of which are discussed in the next subsection. Let the feasible

set of the FH optimization problem be

OPF (x) = {(d,D) | (d,D) is feasible for 223°F (x)} (5.8)

The set of admissible initial states to the FH problem is then

ZSPE = {x] ORPF (x) # &) (5.9)
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Remark 5.2.1 Since by letting DP (i, j|t) = —D"™(i, j|t) = D(i, j|t) parametrization (5.5)
becomes (4.2), the expressive ability of the former is stronger than that of the latter.
Hence, 2;PFP C %I\‘;DF and this, together with Remark 4.2.5, implies 2;PF = %I\?FC =

DFD SDF
APFD C g $DF.

The rest is as usually: the FH optimization problem is solved at each time ¢ and the very
first term of (d*(¢),D*(t)) = argmin Z23PF (x(¢)) is applied to system (5.1a) yielding

the MPC control law

u(t) = K5PF (x(1)) := Kpx(t) +d* (0]t) (5.10)

5.2.3 Cost Function

The cost function used in this chapter is similar to that used in Chapter 4 and hence its

discussion here is brief. Specifically, the cost function is

Jspr(d(t),D(7)) izl:g ||03(i|f)||12pJrj_zi‘,1 lvece([D (i, jlr) D™ (i, jloDIZ| (5.1D)
for any choice of

Y0, Ar2,0% (5.12)
where ¥, is the covariance matrix of [W”(w); W (w)] := [(WP(w))T (W™ (w))T]T.

If the density function of w is known, ¥, can be found. However, the knowledge of ¥, is

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



5.3 Convex Reformulation and Computation 109

not needed to satisfy (5.12). For example, if X, is not known, let A = 202D, ® ¥ where
o ;= max,ew ||w|| and Ip, is the identity matrix of dimension 2n. Then, it can be shown,

in Appendix 5.A.1, that (5.12) is satisfied.

5.3 Convex Reformulation and Computation

This section focuses on the computation of the FH optimization problem ,@f,DF (x).
Since (5.7d) and (5.7¢) have to hold for all w(i|t) € W and (x(i[t),u(i|t)) are piece-
wise affine functions of w(j[t) j < i, 23PF (x) is not directly solvable using standard

techniques in Robust Optimization and a reformulation is needed. To this end, define

vi=[wh; w" = [(wh)T (wmT)T (5.13)

which belongs to the set

Viw .= {v=pL Vv = ew, v>0, W)V =0} Cc R™ (5.14)

The condition of (vl)Tv2 = 0 comes from definition (5.2) and it implies, under (A3) of
Assumption 1.4.1, that Vjy is a non-convex set even when W is convex. Clearly, there is
a one-to-one mapping between Viy and W: for any w € W, v! = w” and v> = w” while
for any [v';v?] € Vi, w = v! —12. Define v!(¢) and v?(¢) in the same structure as w(t)
and let

vVVi=1yewl, V" i=1yw",
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then 23PF (x(t)) of (5.7) can be equivalently formulated as

o(Tin  Jsor (d(1), D)) (5.15a)
st. x(t) = x(t) +Bu(t) + G (v (1) — v (1)) (5.15b)

u(t) = Ax(1) +d(@) +DP () (v' (1) = 9°) + D" () (V1) = ¥™)  (5.15¢)
(x(it),u(ilt)) €Y, Y [vi(r); v*(t)] € (Vw)N, Vi € Zy_, (5.15d)

x(N|t) € Xy, Y [vi(e): v ()] € (Vi)Y (5.15¢)

Since Vyy is generally non-convex, ﬁijF (x) is still not computationally tractable by
standard techniques because of (5.15d) and (5.15¢). The next subsection shows an ad-

ditional assumption on W and an associated definition that helps towards this end.

5.3.1 Absolute Set

Definition 5.3.1 (Absolute set) A set Q is an absolute set if it is compact, convex, con-
tains the origin in its interior and ® € Q if and only if |®| € Q where |- | is taken

element-wise.

Examples of absolute sets include those generated by the L, norms and their intersec-
tions,e.g. {0: |||, <a}, {0: [0 <a,||o]2 <b,||®]i < c}. The use of absolute

set as disturbance model is also quite common [77, 62, 63, 78] and it is stated here as an

assumption.
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Assumption 5.3.1

(A3c) W set is an absolute set.

Theorem 5.3.1 Suppose W satisfy Assumption 5.3.1. The set

VG = {v=Dphv v v ew, v >0} (5.16)

is the convex hull of Vyy.

Proof: See Appendix 5.A.2. [

Figure 5.1 shows the sets W, Vi and Vi$; for a simple one dimensional W = {w| |w| <

0.2}. That VWC, is the convex hull of Vyy as stated in Theorem 5.3.1 can be easily verified.

W Viv Viv
0.2 0.4 0.4
~ 02 | . 02

0 —— > = .
0 0
-0.2
02 0 02 0 02 04 06 0 02 04 06
1 1
w v v

Figure 5.1: Disturbance set and segregated disturbance set.

Remark 5.3.1 W being an absolute set is not as restrictive as it may appear. Many non-
symmetrical disturbances or disturbances generated from a set with dimension different

from R" can be represented as {w|w = EWw+e,w € W C R'} where W is an absolute set
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and E and e are some appropriate matrices. For such disturbance models, the exposition

hereafter remains valid but with w replaced by Ew + e.

If W is a polytope set, so is V{i. It is well known that the solution of Z2{PF (x) is
unaffected by the replacement of Vyy by va in (5.15d) and (5.15e) (Exercise 3.35 in
[79]). Since V§ is a polytope, its use in (5.15d) and (5.15e) in place of Vi leads to a
computable @]@DF (x) using standard techniques in robust optimization, see Section 3.3

and [39, 69, 68, 63, 44] for details.

However, it is possible for ﬁzf,l) ¥ (x) to handle a more general class of absolute sets other
than polytopes. The next subsection introduces a definition of absolute norm, its dual

and an additional result needed for this purpose.

5.3.2 Absolute Norm

Definition 5.3.2 (Absolute norm) A function 1 : R" — R is an absolute norm function

if n(+) satisfies the three standard properties of a norm and the additional property of

n)=n(v).

Clearly, all polynomial norms or L, norms are absolute. However, a polynomial norm
induced by an invertible matrix, is not necessarily absolute. Absolute norm function can

also be defined from other absolute norm functions. For example,

C(w):= l nllaXL{amz(w)}, (5.17)

=1l,...
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in which m;(-) are absolute norms with @; > 0 for all / € Z;, is absolute. Hence,

{w: Wl <1, ||w|l2 < r} can be expressed as {w: n(w) < 1} with n(w) =max{||wl2/r, [|w]e}

Given an absolute norm 7(+), its dual norm, n* : R” — R, is defined as

n*(y) = nr(ngglyTw. (5.18)

Some useful and relevant properties of the dual norm are collected below.

Lemma 5.3.1 Suppose 1n(-) and n*(-) are an absolute norm and its dual. Then (i)

n*() is also an absolute norm function (ii) n**(-) = n(-). (iii) The dual norm of the L,

norm || -||p, p > 1, is the Ly norm || - ||, withg=1+1/(p—1). (iv) The dual norm of the

composite norm (5.17) is £*(y) = min{ L alln*(yl) YR Y=y eRVI € ZZ}

Proof: See Appendix 5.A.3. [

The following example demonstrates (iv) of Lemma 5.3.1. Let W = {w € R?| ||w||o <

0.2, ||w|l2 < 0.224} which is shown in Figure 5.2. The corresponding absolute norm is

w

0.251

0.2

0.151

0.051

-0.05F

-0.15F

-0.2

-0.25F

-0.2 -0.1 0 0.1 0.2

Figure 5.2: W defined by composite norm
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n(w) =max{5||w||w,4.64||w||2} and its dual norm is n*(z) = min{0.2||y" || +0.224(|y*||2 : y' +

Theorem 5.3.2 A set W is an absolute set if and only if there exists an absolute norm

function, Ny(+), such that W = {w: n,(w) < 1}.

Proof: See Appendix 5.A.4. n

5.3.3 Deterministic Equivalence

One additional result, needed to show the deterministic equivalence of @f,DF (x), is

given in the following theorem.

Theorem 5.3.3 Let W = {w: n,(w) < 1} C R" be an absolute set for some absolute

norm function M,,(+), N5(+) be the corresponding dual norm and V§ be as defined by

(5.16). The two sets

€ = {(x,yz) e R 4y <2 v v 2 e V) (5.19)

6 = {(x,yz) eR*"ni(1) <z, T>x, 1>y for some 1} (5.20)

are equivalent.

Proof: See Appendix 5.A.5. n
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Remark 5.3.2 Following the definition of the dual norm of (5.18), the constraint n;;,(7) <

z arising in the expression for €, in Theorem 5.3.3 is equivalent to
wlt <z YweWw

whose tractability and explicit formulation can be found in [62]. In particular, if the
set W is conic quadratic representable, which includes sets prescribed by intersections
of L, norms, p being a rational number, the resulting robust counterpart is also conic
quadratic representable. The representative power of conic quadratic constraints can
be found in [44]. Software involving conic quadratic representable constraints includes

SDPT3 and MOSEK.

Under Assumption 5.3.1 and the result of Theorem 5.3.2, there exists an absolute norm
function n,, such that W = {w| n,,(w) < 1}. Define v : R¥ — R as n~(p) :=
maxicz,  {Mw(p(i)} where p = [p7 (1) p7(2) -+ p"(N)]T and p(i) € R". Then, it
follows that WV can be represented by W» = {w|n,,v(w) < 1}. The corresponding dual

norm of N,,v(+), Ny : RN" _ R, is given by

N N
My (@) = max{q p|n,~(p) < 1} = ;max{(q(i))Tp(i)\nw(P(i)) <l1j= ; Mw(q(i))

(5.21)

where q := [¢7 (1) --- ¢" (N)]" and ¢(i) € R™.
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Using these quantities and the characterizations of ¥ and Xy in Assumption 1.4.1, con-

straints (5.15b)-(5.15¢) can be restated as

A x(t) + Bd(t) — B(DP(t)¥ +D"(1)V") + (BDP (1) +G)v' (1)

H(BDP(1) —GW (1) < 15, ¥ [V (0):v2(0)] € (VE)N (5.22)

where s = gN + g, &/, %8 and ¢ are the same as in (3.25) and (3.26).

To apply the result of Theorem 5.3.3, let

T(t) := 1y — Fx(t) — Bd(t) + BDP(1)¥ + D" (¢)V") € R® (5.23)

Then (5.22) is equivalent to

max _ [(BDP(t) + 9V + (BD"(t) —9F)v*] < 1(t). (5.24)

vhv2]e(Vig)N

There are s inequalities in (5.24), and each of them is in the same form as the inequality
in (5.19), with ZDP* (1) +<, D™ (t) — < and 7(t) analogous respectively to x”, y’

and z. Then by introducing T;(¢t) € R™, i € Z; (analogous to 7 in (5.20)) for each row
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of (5.24) and applying result of Theorem 5.3.3, (5.24) is equivalent to

Ax(t) + RBd(t) — BDP (1) +D™ (1)) + u(t) < 1,

T (t) > ADP(t)+ 9

Vv

T? (1) > D" (1) -9 (5.25)

where 1"y (-) is that given in (5.21).

Remark 5.3.3 The adaptation of Theorem 5.3.3 to a disturbance set defined by the in-
tersection of L, norm sets is also quite easy. For example, if W = {w| |[w|| <1, |[w]|2 <
r}, then 0y (w) = max{;[wllz, [wlle}, m55(w) = min{r(w' 2 + W[, w! +w? = w}
and the deterministic equivalence of ¢\ in Theorem 5.3.3 is 6> = {(x,y,z)| 3t,7',7% €
R |21 +r||tt|]s <z, 7' + 12 =1, T>x, T >y}, In such a case, (5.21) and (5.25)

remains correct using the new expression of 1,

Remark 5.3.4 For some class of disturbances where W is convex but not absolute and
cannot be represented using Remark 5.3.1, the set Vyy in (5.15) may be relaxed and be

approximated by

ViR = {v=p1? v —v? e W, v >0} (5.26)

in which the constraint (vl)Tv2 > 0 in Vi is removed. Therefore, Viy C V§ and V‘§
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is convex (since W is convex). Suppose @;E,DF R and %A‘,gDF R are the corresponding
FH problem and the admissible initial set when Vy is replaced by V§ in (5.15d) and
(5.15e). Then, QZ;ED FR is computationally more amiable as V§ is convex. Also, since Viy
is defined by having an additional condition to V‘ﬁ, Vw C Vv§. Consequently, X, A*,?DF R C

Z, A§DF as the control law obtained is more conservative.

Remark 5.3.5 While more conservative than ng]DF , @f]DF R is less conservative than
@]{?F D the FH problem when parametrization (4.2) is used. Again, this is true because
,@fV)F D is a special case of ,@]‘SJDF R Hence, if a feasible solution exists for (@JeF D for all
w € W, a feasible solution exists for WIE,DF R forallv e VV{R;. This, together with Remark

5.3.4, means that %]\’?FD - z%\“,gDFR - %]\fDF.

5.4 Feasibility and Stability

This section deals with the feasibility and stability of system (5.1a) under the control law
(5.10). Since the results follow the same arguments as in Section 4.4, both the theorem

and its proof are brief.

Theorem 5.4.1 Suppose x(0) € 2P and Assumptions 1.4.1, 5.1.1 and 5.3.1 are sat-
isfied. The closed-loop system using the MPC control law (5.10) has the following

properties:

i) Z, l\fDF and G);f,DF (x) are convex sets;
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(i) 2P (x(1)) is feasible for all t > 0;
(iii) (x(¢),u(t)) €Y forallt > 0;

(iv) x(t) — Fw as t — oo with probability one.

Proof: See Appendix 5.A.6. ]

5.5 Numerical Examples

The proposed approach is illustrated using an example. The system parameters and

constraints are given by:

, B= , W={w||w]l.<0.2},

Y ={(xu)| [ul <1,]lx]l < 6},

and w(t) is uniformly distributed over W. To implement the MPC controller, Ky =
[—0.4991 —0.9546] is chosen as the optimal feedback gain for the unconstrained LQR
problem when Q = I> and R = 1. Terminal set Xy is chosen to be the maximal constraint-
admissible disturbance invariant set of (5.1a) under u = Kyx. The proposed approach is
simulated from x(0) = [—5 2]’ for the case where N = 8 and its result is shown in Figure

5.3 and Figure 5.4.

In Figure 5.3, the outer bound £, is used because the exact F., is not computable. The
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25¢
S
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Z
Figure 5.3: State trajectory of example one
1 _______________________ 4
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t
Figure 5.4: Control trajectory of example one
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procedure for computing £., follows that given in Section 2.2.1, also see [80]. It can be

observed that the state converges to F. and all the constraints are satisfied all the time.

The next simulation compares the optimal costs of the FH optimization problems using
parameterizations (4.2) and (5.5) for the case where N = 8. For a fair comparison, the
cost functions of the two parameterizations should be consistent. For this purpose, the
weight matrices of Jspr(d,D) is chosen according to (5.12) while the cost function
associated with parametrization (4.2) is chosen according to chapter 4. Our simulation
with (4.2) uses the cost function Y ! |[|d(il¢)||Z + 23-21 |vec(D(i, j|t))||3| where A =
R+B"PB and Y = X,, ® A. Under such choices, both cost functions are equivalent
to the expected value of the same LQ cost. The optimal costs of both problems over
the admissible region are compared and the result is shown in Figure 5.5 and Figure
5.6 where Jj%, is the optimal cost under parametrization (4.2) and Jf, is that under (5.5).

Clearly, parametrization (5.5) always yields a better cost than (4.2).

Figure 5.5: Difference between the two optimal costs
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s 0r 15%

(& = JR/IR

Ji—Ix

Figure 5.6: Plots of percentage of J_S over the admissible set
N

5.6 Summary

A piecewise affine disturbance feedback parametrization is proposed under the MPC for-
mulation of constrained linear systems with disturbances. This parametrization includes
the standard affine disturbance feedback as a special case, and hence, has a stronger ex-
pressive ability. When the disturbance set is absolute, the FH optimization problem can
be converted into an equivalent convex problem solvable with existing solvers. Even
when the disturbance set is not absolute, the new parametrization still results in a MPC
controller that is less conservative than the one derived from using affine disturbance
feedback. The stability of the closed-loop system under the proposed parametrization is
shown and the asymptotic behavior of the system is characterized by F..(Ky) where K¢

is a user-defined constant feedback gain.
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5.A Appendix

5.A.1 Choice of A

_ T
)=t || r () =
ZV — Ew
Wh(w) —w" W (w) —w™"
o o - T
wE(w) | | wP(w) wh WP
= E, -
W(w) | | () L
- o I 2
WP (w) WP (w) WP (w)
< E, < max by,
weWw
W (w) || W (w) W (w)
=< (max [ (w)||> + max [ () [|*) Lo
weWw

wew

206212,,

A

5.A.2 Proof of Theorem 5.3.1

Proof: (=)Consider [vl;vz] € V. It follows that v! > 0,v> > 0 and (v/)7v? = 0.
Therefore, v! +v? = |v1 — vz\. Since W is absolute and v! —v? € W, we have v! +12 =
[v! —v2| € W which implies that [v};»?] € V{§. Since the set Vi is convex, we have

CH(Vyy) C V.
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(<) To show V§ C CH(Vyy), consider [u';u?] € V§ and let S° = {[u';u?]}. For all

i€Z}, let
S= U W e rend) b o)
[v1?]esi-1

where ¢’ denotes a unit vector in R”, with one at the i element and zeros otherwise.
Observe that for all [v!;v?] € 8, [v!;v?] € CH(S™!). Indeed, if v! +v? >0, let A =

vl/(v} +v?) and it follows that

Wi = At —elvl v + el + (1 —2) ! 4 elviv? —elv?).

Otherwise, if v} + vi2 = 0, we have [vl;vz] € S+, Therefore, by induction, we have
[u';u?] € CH(S"™). We can also induce that each [v';v?] € §" satisfies v!,1? > 0, v! +1? =
ul +u? and v1v? =0, i € Z]. Hence, |v' —v?| =v! +1? = u! +u?> € W. Since W is an

absolute set, we have v! —v? € W and [v';v?] € Viy. Therefore, [u';u?] € CH(Viy). m

5.A.3 Proof of Lemma 5.3.1

(i) The proof can be found in [81].

(i1)-(ii1) The first two results are well known, see [82].
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(iv): From (5.17),

£*(v) = max{y'xlami(x) < 1,i€Zf}

= max(y'xlxe i n---Cr)

L
= min{§(y'|C1)+---+8GHC)| Y Y =} (5.27)
i=1
; =1 i 1 L
= min{}, —8(/C)' +--- )" =y} (5.28)
i=1"
: < 1 * (04,1 L
= min{} —n () -y =) (5.29)
i=1"

where C; = C%Ci and C; = {x|n;(x) < 1} Vi € Z;. Equation (5.27) follows a property
of support function (Corollary 16.4.1 of [53]). Specifically, suppose C;,Cs,---C,, are
non-empty convex sets in R” such that C;NCp--- NGy # 0, then d(y|C;NCy--- N
Cn) = min{S(Y!'|C1) + -+ + 8("|Cn)|y! + -+ +y™ = x}. Equation (5.28) holds be-
cause S(x|oC) = ad(x|C) for any o > 0 while (5.29) follows from the definition of

Ci.

5.A.4 Proof of Theorem 5.3.2

One direction is trivial. Conversely, it suffices to show that for any absolute set, V, an

absolute norm function 1(+) exists such that

max{y’v : n(v) <1} =max{y’v : veV}
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for all y € R". Consider the support function of V, o(y|V), which by inspection is
an absolute norm. Note that any convex, compact and symmetric set with zero in
the interior has support function that satisfies the properties of a norm. Hence, from
(5.18) and property (i) of Lemma 5.3.1, the corresponding dual norm function 6*(v) =
max{v'y : §(y|V) < 1} is also an absolute norm function. Let 17(-) = §*(-). Hence, by

strong duality of norms, we have for all y € R",

max{y'v:n(v) <1} =n*@y) =8"(y) =8(|V) =max{yTv:veV}. (5.30)

5.A.5 Proof of Theorem 5.3.3

Proof: (=) Let (x,y,7) be an element of . It follows from (5.16) that

z>  max{x"v 3"V >0, > 0,1, +02) < 1}

= max{x"v 3TV > 0,02 >0, u=v 32 0, (w) < 1}

= max{tlu|u>0, n,(u) <1, T = max{x;,y;}, Vi€ Z } (5.31a)
= max{fT\u| | nw(u) <1, T = max{x;,y;}, Vi€ Z|} (5.31b)
= max{t/ |u| | nu(u) <1, ; =max{0,%}, Vic Z} (5.31c¢)
= max{tlu| n,(u) <1, 1, =max{0,%}, Vie Z'} (5.31d)

= (X,y,z) e(62
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where the subscript i denotes the i element of the corresponding vector. The first two
relations come from the definitions of va, W and the re-organization of the constraints.
Equation (5.31a) comes from the fact that the optimal value can be achieved by consid-
ering v! and v?> where vl-1 12 = 0 for all i. This is true because the optimal «* is such that
u; = v}* if x; > y; and u; = vl-z* if x; <y; for all i. Equation (5.31b) follows because W
is an absolute set. Equation (5.31c) comes from the fact that if 7; < 0, the optimal u]
must be 0. Hence, the maximum value can be obtained by letting 7; = max{0, 7;}. Since

T > 0, the absolute sign on u can be relaxed based on property (1) of Lemma 5.3.1. The

last implication follows since the existence of 7, T > x and 7 > y is established.

(<) Let (x,y,z) be an element of %, with a suitable T € R”. Then, from the definition

of 1yi(),

z > max{t! (W' +)| (V) eW,t>x 1>y}

v

max{t’ (v} +1?)| ' +v?) eWv! > 017 >0, > x,7>y}

v

max{x"v! +y1V?| (W' +v?) e Wyl > 0,07 >0}
= max{x"v' +y7? Pl e v}

= (x,5,2) € 61.

Again, the first inequality holds from definition. The second inequality follows from
the imposition of two additional constraints v! > 0,v> > 0. The third inequality follows

from the fact that t7v! > xTv! and 7712 > yTv2 for all vl,v2 >0sincet>xand T > y.
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The last equality is from the definition of V“C, which implies the inclusion. n

5.A.6 Proof of Theorem 5.4.1

(1) From (A2) of Assumption 1.4.1 and property (i) of Lemma 5.3.1, n;N(-) is a convex
function. This means that the set of feasible (x,d,D,T) of (5.25) is a convex set. The
sets @3PF (x) and 2P are projections of this convex set onto the (d,D) and x space

respectively and are hence convex sets.

The proof of (ii)-(v) follows essentially the arguments in section 4.4.

(i)If (d*(r),D*(¢)) is the optimal control at time ¢, choose the feasible control at time

t+1 by
d*(i+1)t) + (DP(i+1,i+ 1|t)) WP (z)
d(ije+1) = DM+ 1,i 4+ 1)) W () Vi€ Zy_p 5-322)

0 i=N-1
(

) (DM(i+1,jlt)* VjeZ, VieZ] ,

Dr, jle+1) = Vk € {p,m)5.32b)
0 VjeZy |, i=N-1

The feasibility of (d(z+1),C(t + 1)) for Py(x(t + 1)) follows from constraint (5.7¢)
and (A4) of Assumption 1.4.1.

(ii1) The result follows directly from (ii).
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(iv) Note that (W”,W™) have zero mean. Hence, following the same argument in the
proof of Theorem 4.4.2, it can be also shown that under condition (5.12) the expected
value of the optimum of 223 (x(t)) decreases with respect to time. Hence, the differ-
ence between the costs at successive times, which is ||d*(0]¢)||w, converges to zero with
probability one. As a result, the feedback law in (5.10) converges to K;x(t), leading to

the stated result.

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



130

Chapter 6

Design of Feedback Gain

The stability results of the MPC method in chapters 3, 4 and 5 show that the closed-loop
system state converges to the minimal d-invariant set F..(Ky) where Ky is some fixed
state feedback gain. This chapter introduces a procedure for designing the terminal

feedback gain K that characterizes the F..(K) set.

6.1 Introduction and Problem Statement

The theory of set invariance plays a fundamental role in the control of constrained dy-
namical systems, see [5] by Blanchini and [59] by Aubin, and a large number of works
are based on set invariance, see [6] by Mayne et al., [37] by Kolmanovsky and Gilbert,
[61] by Gilber and Tan, [54] by Mayne and Schroeder, [83] by Caravani and De Santis,

[84] by Rakovi€ et al., [85] by Blanchini, [86] by Dérea and Hennet, [87] by De Santis
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et al., [56] by Rakovi€ et al. and the references therein. However, most of these works
are on the determination of an invariant set for a given system. Little attention has been
paid to the research along the reverse direction, i.e. the design of system parameters that
affect the invariant set. This is important since the invariant sets of one particular system
may differ dramatically from each other under different controllers and this is shown by

the following example.

Example 6.1.1 Consider the system x(t + 1) = Ax(t) + Bu(t) +w(t) with

A= , B= ,w(t) €W = {w| |w]l» < 0.2}

and three linear feedback laws:

Kior = [-0.6232 —1.9678], Kpp; = [—0.1714 —1.6571], Kppo = [-3.3 —0.4]

where Kior is obtained using the LOR method with Q = L, R = 1, Kppy and Kpp, are
designed using pole placement method with poles being [0.8 0.9] and [0.1 —0.9],
respectively. The outer approximations of the minimal d-invariant sets of the system
under these three linear feedback controllers are plotted in Figure 6.1. It can be seen

that the minimal d-invariant sets are dramatically different.
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Figure 6.1: F. sets under different controllers

This chapter emphasizes the design of feedback laws and consideres the following sys-

tem,
x(t+1) = Ax(t)+Bu(t)+w(t) (6.1a)
u(t) = Kx(t) (6.1b)
wt) € W (6.1¢)

where A € R™", B € R and K € R™", x(t) € R", u(t) € R™ and w(t) € R" is
bounded in a convex compact set W that contains the origin in its interior. Denote the
minimal d-invariant set of system (6.1) by F.(K). Note that any convex compact set
can be approximated arbitrarily accurately by an appropriate polytope and any polytope

can be expressed by the support function evaluated in some directions. The rest of this
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chapter shows the evaluation, with arbitrary accuracy, of the support function of Fw(K),

8. (k) (n) :=max{n"x| x € Fu(K)},

its derivative with respect to feedback gain K,

35&,(1()(77)
K

for any given 1 € R" and the design of K, using & (x)(17) and 6, x)(1n)/IK.

6.2 Support Function of F_.(K) and Its Derivative

Without loss of generality, consider system (6.1) withm=1,B=bcR™ ! and K =k €
R!>" for the convenience of presentation. It can be shown that the results in the rest of
this chapter can be generalized to the multiple input case with minor changes. System

(6.1) can be equivalently written as

x(t+1)=Dx(t) +w(t) (6.2)

where ® = A+ bk. As discussed in Section 2.2.1, the reachable set of x(#) when x(0) =0
iSFE=WRdW&---®&P'W. When time tends to infinity, the reachable set is the

minimal d-invariant set, Fo (k).
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6.2.1 Evaluation of Support Function

Using the properties that (i) 840 (y) = 8a(A”y), (i) 8a,00,(y) = o, (v) + 8q, (y) from
Property 2.1.1, and the expression of Foo = W G PW @ ---, given 1) € R", the support

function of F. can be expressed as

Or.(n) = Sw(n)+dow (M) + Spaw(n) +--- (6.3a)
= Sw(n)+ 8w (@ n)+ 6w ((@*) n)+-- (6.3b)
- ;‘,OSM(CPK)TTI) (63¢)
= i5W((<P£)Tn)+ i Sw ()" n) (6.3d)
(=0 {=L+1

Hence, O, (1) can be approximated by the first term in (6.3d).

L

dr(m) =Y dw((@")n) (6.4)

(=0

with a large enough integer L because the second term in (6.3d) is bounded by zero from

below and bounded from above since

S ((@9)"n) < [|nl|-max [lwl|- (| @) < vs- (p(®))* (6.5)
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where vy = ||n|| - maxyew |w]| - M, p(P) is the spectral radius of & and M is a constant

such that M(p(®))’ > ||®'||, Vi > 0. Hence, the last term in (6.3d) satisfies

0 =) . L+1
0 ¥ Su(@)Tm< ¥ vy (p(@) = L@ ©6)
(=L+1 (=L+1 1—p(®)
Let the error of approximation be
_ v (p(@)~!

& = T@, (67)
then

6r.(n) € [6r,(N), O (N)+eL] (6.8)

For any & > 0, L can be chosen to be [In, g (e(1—p(®))/v)] — 1 so that & < .

Example 6.2.1 Consider a system in the form of (6.1a)-(6.1b) with parameters

A= b= , k=[-0.6232 —1.9678]
0 15 0.5

w(t) €W = {w] ||w||.. <0.2}.

Hence

0.5768 0.0322
D =A+bk=

—0.3116 0.5161

1 is chosen to be [1 1] and vy is 1.6 with M = 4. The approximations of 8r_ (1) and
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the corresponding errors with different value of L are listed in the following table and

plotted in Figure 6.2. From Figure 6.2, we can see that the approximation of o, (N)

n=01 1" | L=3|L=4|L=5|L=6|L=7|L=8|L=9|L=10
Sr(n) |/ 0.6748 | 0.7107 | 0.7344 | 0.7492 | 0.7582 | 0.7634 | 0.7664 | 0.7682
€L 0.3402 | 0.1887 | 0.1047 | 0.0581 | 0.0322 | 0.0179 | 0.0099 | 0.0055

Table 6.1: Approximation of 9, (1) with L=73,...,10

0 2 4 6 8 10 12

Figure 6.2: Approximation of dg_ (1) with different L

converges to 0.7705 as L increases.

The next section shows the evaluation of d &g ) (1)/ k.

6.2.2 Evaluation of the Derivative of the Support Function

For any integer /, let 7j, := (®')"n and

Sw (@) = dw(Rr) =Af -wp (6.9)
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where wj is the maximizer of & (7);). Therefore

Wow () _ (g7 ey 7% (6.10)

ok, 0 Gr, TG

The term dw; /dk; in (6.10) depends on the characterization of W. Since w; = argmax,,cw mT w,
wj is a function of 7jy. For the special case when W is a polytope in R", dw; /d7, is
piecewise constant with respect to 7y where the various pieces are zero in value. In
particular, dw} /9, has a unique value when the set S(7j;) := {w| ] w = 8w (7y)} is

a singleton. When this is the case dw}/d7, = 0, see Figure 6.3a. For the value of 7,

lgmLs |
woh i Ao (@)
Ny |
0 val0; 1]
impulse
wp| 7 "
o o 7(a) =1 el
a b

Figure 6.3: Derivative of support function

shown, wj is the unique minimizer of 8w (7). For small perturbation around 7);, so

long as )y lies in the cone of 7} and 77, w} remains the same and dw} /9, = 0. Fig-

0
ure 6.3b shows value of ||[dw}/df(ct)|| where (o) = 7y + o . As shown,

—1

|ow} /dTie(c) | is zero almost everywhere except when 7jy(@) = 7} Hence, we assume

that dw; /d 7, = 0 throughout. Since 7 is a function of k;, dw; /dk; = 0.
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Remark 6.2.1 It is possible that multiple maximizers exist in (6.9). In this case, there
are two possible scenarios: either the maximizer is about to change or remains as max-
imizer. In the former scenarios the derivative of dw (y) does not exist actually and we
can use any maximizer in (6.10) to compute an assumed derivative. The latter scenario
is the case which we have discussed before and additionally (W5 —Ww})"d7,/dk; =0

for any two different maximizers W and w}.

Using (6.3¢),
d6r.(n) _ d ¢ T - 90w (M) _ e 9T
=)~ 7Y (@) = D (U7 LS CRT)
dk; 8kj£§(‘) ;’) dk; Egb dk;
Let B j1s a n X n square matrix of all zeros except the j'" column being b, then
one _ (@) _ ((®)")
ok ok ok ! (6.122)
= (Bjo" '+ @B;0" 2+ B0 3 4. @18 . (6.12b)
-1 . .
= (Y o80T n (6.12¢)
i=0
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where (6.12b) follows from ®° = (A + bk)*. Using (6.12c) in (6.11) yields

d6p, (1)
ok;
S Al
*\T 4
= T 6.13a
L0 G (6.132)
> _Zil A ._
= YT | Y oB0 | W (6.13b)
(=0 | i=0 ]
L [o-1 1 oo -1 .
= Yo' | Y @B wi+ Y 0" | Y @B w) (6.130)
(=0 | i=0 } (=L+1 i=0

Given k and a direction 7, the value of ddr, (n)/dk; can be determined as accurate as
possible from (6.13c) by choosing a large enough L. This is true since the second term

in (6.13c) can be bounded and decreases to zero as L increases. To show this, consider

‘nT- Z_Zl@"l?jcbé‘l"' Wy (6.14a)
- /—1

< ||nH-{Vnga%HWH-iZO(HfI”'H-H1§j|l-||<1>é‘1"'||) (6.14b)

< ||nH-WrneaggHW\l-€~HbII'M2'(P(<I>))’H (6.14¢)

= va-(p(®) "4 (6.14d)
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where vy = ||n|| - max,ew |[w]| - ||b]| - M? and M (p (D)) > ||®'||, Vi > 0, then the second

term in (6.13c) satisfies

o]

Y n'-

l=L+1

[e)

< v Y (p(@) e (6.15)
(=L+1

*

-1 .
Z@’Bjcpf*l*’ W)

i=0

Next we show that the right hand side of inequality (6.15) is bounded. To this end, let

A=Y (p@)'t= Y plt (6.16)

where p denotes p(®) for notational simplicity, then A satisfies

A = prL4+1)+p" L +2)+ptH(L+3) 4 (6.17)

pA = pEN L+ 1)+ pt (L 42) 4+ pt (L 43) + - (6.18)

When (6.17) minus (6.18), we get

L+1
(1=p)A=p L+ 1)+ (p" ! +p" 2+ p" o = ph(L+1) + f

(6.19)

Hence,

pL(L—l—l) pL-H pL 1
A= + = L+
l—-p  (1-p)? 1—p(

) (6.20)
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and (6.15) becomes

oo /-1 . ) pL 1
Y T | Y o8 wi| < &=y (L+ ) (6.21)
=L+ i=0 I-p l-p
Therefore,
dop.(n) _ [d6r.(N) d6r, (1)
- — . 22
Since ® must be stable, p(P) < 1 and from (6.21)
lim &, =0 (6.23)

L—oo

The above method of evaluating the derivative is illustrated in the following example.

Example 6.2.2 Consider a system in the form of (6.1a)-(6.1b) with parameters

A= b= , k=[-0.6232 —1.9678]

0.5768  0.0322
w(t) €W = {w| |[w]|e < 0.2}, &=A+bk=

—0.3116 0.5161

n is chosen to be [1 1|7 and v, =7.1554 with M = 4. The approximations of dS,.(1)/k;,
Jj = 1,2 and the corresponding errors with different L are listed in the following table
and plotted in Figure 6.4.  From Figure 6.4, we can see that the approximation of

dor.,(n)/dk converges to [0.1776 — 1.3281] as L increases.
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6.3 Design of Feedback Gain
n=[11" |L=11|L=12 | L=13 |L=14 | L=15 | L=16 | L=17
6k, (n)/dk; || 0.1933 | 0.1876 | 0.1837 | 0.1812 | 0.1796 | 0.1787 | 0.1782
d6r, (n)/dky || -1.3361 | -1.3358 | -1.3344 | -1.3327 | -1.3313 | -1.3301 | -1.3293
&L 0.3258 | 0.1943 | 0.1154 | 0.0682 | 0.0402 | 0.0236 | 0.0138

Table 6.2: Approximation of d&f,_(n)/dk; with different L

9o, (n)

/ - Okt

96p, (n)
ok1

&

e

6 8

10 12 14 16 18

L

/ Ok

86, ()

o5, )

+SL

&

Ok2

6

8

10 12 14 16 18

L

Figure 6.4: Approximation of dé&r,_(n)/dk; with different L

6.3 Design of Feedback Gain

Using the results introduced in Section 6.2, it is possible to design the feedback gain k

by solving optimization problems with constraints imposed on the support function of

F..(k) since both the support and its derivative can be evaluated.

Consider the simplest case where the only concern is the “shape” of the resulting Fio (k).

Specifically, we want F.(k) to have minimal supports along some given directions

ul, i € . One possible way to achieve this is by minimizing o subject to the con-

NATIONAL UNIVERSITY OF SINGAPORE

SINGAPORE



6.3 Design of Feedback Gain 143

dition that &g, (k) ( u!) < o in the form of

min a (6.24a)
k,a
st Spp(u) <a, Vies (6.24b)

The numerical solution of (6.24) can be obtained using a standard non-linear optimiza-
tion solver. For this to happen, values of dg_ 1) (1) and 9 g, (k) (1)/dk at different value

of k are needed and they are given by (6.8) and (6.22).

Another potential application of the techniques developed in this chapter is to ensure
the existence of the maximal disturbance invariant set O.. defined in Section 2.2.2 in the
design of the feedback gain k. This is important in MPC since the O, set is usually used

in MPC as the terminal set.

Suppose system (6.1) is subject to the following joint state and control constraints

Y= {(x) () x+ () u < 1, Vie 4. (6.25)

One necessary condition of the existence of O set is that

(x,kx) €Y, Vx € Fu(k) (6.26)
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or equivalently using u = kx and (6.25),

Sr (i (e + K" ) < 1, Vie 7, (6.27)

Hence, in designing k, it is necessary to take this condition into the formulation of

optimization (6.24). More exactly,

min a (6.28a)

k,a

st Spp() <a, Vies, (6.28b)
Sk (i +k ) <1, Vie s, (6.28¢)

In the above, constraint (6.28b) can be handled by applying the results in Section 6.2
directly, but handling (6.28c) needs slight modification since 7 is parameterized by k.

To show the modification, let gl-T = ,u; + kT ,u,i, Vi € .. Similar to (6.3d),

L oo
sr.(gh) =Y sw((g@)")+ ¥ dw((g®)") (6.29)

=0 {=L+1

and similar to (6.6), the second term on the right hand side of (6.29) satisfies

0< Y oy((go))) < B P@VT

6.30
(=L +1 1—p(P) (©-30)

where v := ||gi|| - max,ew ||w|| - M and M(p(®))! > ||®i||, Vi > 0. For the support

function to be bounded, we should have p(®) < 1. As a result, the second term on the
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right hand side of (6.29) tends to zero if L is large enough, so Sf, (g7) can be evaluated

as accurate as possible. Now consider 98y ((g:®")T)/dk;. Let

Sw((g:®")") = (g:®") - w}, 6.31)

then using the same argument below (6.10), we have dw; /dk; = 0 and

28w ((gi®)") dgi 4 ., 0P |
ok, ok s (632
Note that
T oo BT
I6r.(8f) _ y déw ((8iP") )’ (6.33)
ok = ok;
following a similar procedure from (6.11) to (6.21), it can be obtained that
08 (g]) _ [9r.(&]) 95r, (g])
ok | ok S ok; o (639

pL+1
—p

L .
where §; ==V, —i—ﬁdlp_—p(L—i— ﬁ), Vg = il - max,ew ||w| - M and ¥, := max,,ew ||w|| -

lgill - [1B]] - M2,

Remark 6.3.1 For multiple input cases where u(t) € R™ m > 2, the results introduced
in Section 6.2 and 6.3 can be easily applied by considering x(t + 1) = Ax(t) + Bu(t) +

w(t), u(t) = Kx(t), where B= [by -+ -by) and K = [k{ ---k},] T
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6.4 Numerical examples

In this section, the design approach described in Section 6.3 is demonstrated by exam-

ples. Consider the system (6.1a) with the following parameters,

1.1 1 1
A= , b= , W={w||w]ls<0.12}
0 13 1
and the p! are
1 ! 2 -1 3 0 4 0
JLLS = ) ILLS = Y JLLS = ’ ILLS =
0 0 1 -1

The objective is to find the smallest bounding square box that contains F. set. Solving

optimization problem (6.24) yields

ky=[—1.5111 —0.8889], at; = 0.3511

The corresponding Fi.(k;s) set is plotted in Figure 6.5. For the purpose of comparison,
Fu(krgr) is also plotted, where kzpr = [—0.4991 —0.9546] is obtained using the LQR

method with Q=15 and R=1.

Next, consider the case where state and control constraints are presented. ) are chosen

to be the same as in the previous example and let the constraint set ¥ be

Y = {(x,u)] pox <1, pyu <1, giu <1}
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04p o s

0.3r ~

S
w
T
7

/

X1

Figure 6.5: Comparison of F. sets

where , = [2.4 2.4], u! =1, u2 = —1. Solving optimization problem (6.28) yields

kgxu = [—0.6133 — 1.1150], Oy, = 0.3838.

The corresponding Fu.(ksy,) is plotted in Figure 6.6. For the purpose of comparison,
F.(ks), which is the optimal F., set without state and control constraints, is also plotted.
It can be observed that k; becomes infeasible since it violates the state constraint, while
Foo(ksy, ) satisfies both state and control constraints. Not surprisingly, the optimum also
becomes larger. Hence, under the controller u(t) = kgx(f), O set exists and it is

plotted in Figure 6.7.
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Figure 6.6: Optimal F. sets with state and control constraints

Figure 6.7: Optimal F(kgy,) and Oco(ksxy)
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6.5 Summary

Methods of approximating the support function of F..(k) and its derivative with respect
to the feedback gain k are introduced in this chapter. It has been shown that both the
support function and its derivative can be evaluated as accurate as possible for the case
where W is a polytope. With these values, an optimization problem with constraints im-
posed on the support function becomes numerically solvable. Two optimization prob-
lems are set up for the design of feedback gains. One aims to find a feedback gain that
yields F, having a certain optimal shape; while the other guarantees the satisfaction of
state and control constraints in addition. These design methods are illustrated by two

numerical examples.
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Chapter 7

Probabilistically
Constraint-Admissible Set for Linear
Systems with Disturbances and Its

Application

The maximal constraint-admissible set of linear systems with hard constraints has been
widely studied and applied in the design of controller for such systems. This chapter
generalizes the concept of maximal constraint-admissible set to the case where prob-
abilistic constraints, also known as chance constraints or soft constraints, are present.
Properties of probabilistically constraint-admissible sets are studied in this chapter and
it is shown that the maximal probabilistically constraint-admissible set is not invariant in

general. An invariant inner approximation of the set is then proposed. This approximate
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set is used as the terminal set in the design of an MPC controller for a linear system with
additive disturbances and probabilistic constraints. Feasibility and stability of the result-
ing closed-loop system are also discussed. The effectiveness of the proposed approach

is illustrated via numerical examples.

7.1 Introduction

Constraint-admissible invariant (CAI) sets play an important role in the study of con-
strained systems [61, 5, 59]. These sets have been used in many approaches for the
control of constrained systems. For example, CAI sets are used as terminal sets in
MPC, they are also used to characterize the domain of attractions of nonlinear control
laws [88, 89]. Other uses of CAI sets include [3, 90, 91, 92]. Many results have been
obtained for the case of linear discrete time systems with polyhedral constraints (see
[93] and [94] by Bitsoris and [95] by Vassilaki et al). A notable contribution is the
characterization of the maximal invariant CAI sets by Gilbert and Tan [61]. Several
nonlinear feedback controllers have been designed based on this characterization [88].
More recently, CAl sets for the case where a disturbance is present has also been studied
[5] by Blanchini, [37] by Kolmanovsky and Gilbert, [96] by Kerrigan and Maciejowski

and [97] by Rakovi¢ et al.

Almost all studies on CAI sets have been for systems subject to hard constraints. Typ-
ically, these constraints are imposed on both the state and control of the system and

they have to be satisfied at all time instances. In some applications, constraints need
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not be satisfied for all times but are probabilistic in nature. Problems of such nature
are typically studied under the broader domain of stochastic programming [98]. Indeed,
some problems are better modeled by chance, or probabilistic, constraints or a mixture
of probabilistic and hard constraints. Examples of such systems include the water level
control in a distillation column, [49, 51], risk management on sustainable development

[50, 23], temperature control in buildings [99] and others [100].

This chapter generalizes the concept of constraint-admissible sets to the case where
probabilistic constraints are present. Definition and properties of such a constraint-
admissible set for a linear system with probabilistic constraints are discussed. An inner
approximation of the maximal constraint-admissible set is proposed which is invariant.
Its use as a terminal set under the MPC framework where some constraints are proba-
bilistic in nature are included. The feasibility of the MPC finite horizon optimization

problem and the closed-loop stability under this setting are also discussed.

The rest of this chapter is organized as follows. Properties of stochastic linear systems
are studied in Section 7.2. Definition and properties of probabilistically CAl sets are dis-
cussed in Section 7.3. Section 7.4 proposes a method of determining an inner invariant
approximation of the probabilistically CAI sets. The computation of this approximate
set is given in Section 7.5. The application of this set in MPC is discussed in Section

7.6. Numerical examples and summary are the contents of the last two sections.
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7.2 Probabilistic Constraint and Stochastic System
Consider the linear discrete-time system
x(t+1)=dx(t) +w(t), x(0)=ux (7.1)

where x(t) € R" is the system state and w(r) € W C R” is a disturbance input. It is

assumed that (7.1) satisfy the following assumption:
Assumption 7.2.1

(A1) System (7.1) is stable, or equivalently, ® has a spectral radius p(®) < 1;

(A2) w(t) € W, t >0 are independent and identically distributed (i.i.d.) random vectors
with a continuous probability density function f,,: W — R™ and [, f,(0)do = 1.

Additionally, W is compact and contains the origin in its interior.

The x(z) of system (7.1) is an affine function of disturbances w(0),--- ,w(t — 1) given

by
-1 '
x(t) = P'xo+ Y @ (). (7.2)
j=0

Since W is compact and p(P) < 1, x(r) € F; & {®P'xo} where

FE=WadWa - -ad 'w. (7.3)
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Also, x(t) is a random variable following (7.2). Suppose the density function of x(z) is

fi(x;x0). Then f;(x;xp) can be obtained using f,, () under (A2) of Assumption 7.2.1.

Theorem 7.2.1 Suppose system (7.1) satisfies Assumption 7.2.1. The density function
fi(x;x0) of state x(t) is defined for all t, converges in the sense that lim;_,.( f;11(x;x0) —

fi(x;x0)) = 0 for any x and x.

Proof: See Appendix 7.A.1. n

The following example shows the validity of Theorem 7.2.1.

Example 7.2.1 Consider system (7.1) with n = 1, = 0.5 and assume that w is uni-
formly distributed on the set W = {w| |w| < 1}. The density function f(x;0), for
t =2,...,7 is shown in Figure 7.1, which shows the convergence of the density func-

tions as t increases.

fo—>

0)

ft(I

Figure 7.1: Probability density function of x(2) to x(7)
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Suppose a constraint set, X; C R", is given. The probability that x(¢) (¢ > 0) of (7.1) lies

in X; can be stated as Pr(x(¢) € X|x(0) = x¢) and evaluated from the fact that

Pr(x(r) € X;|xo) = /X S (x3x0)dx, (7.4)

if f;(x;x0) is available. Hence, a constraint on x(¢) not to lie outside of X; with proba-

bility more than €, 0 < € < 1, can be imposed as
Pr(x(t) € X;|xp) > 1 —¢. (7.5)
Consider all xq that satisfy (7.5) and collect them as

Pf (X, @, fiv) == {x0| Pr(x(t) € Xlxo) > 1 — &} (7.6a)

= {xo| /vat(x;xo)dx >1—¢}. (7.6b)

Clearly, Pf(X;,®, f,) is a set of all points from which the probabilistic constraint is
satisfied ¢ steps from the current time. Indeed, probabilistic constraints like (7.5) are
only meaningful for states in the future. They are not so when applied on past states as
these are no longer stochastic in nature. In (7.6b), the dependence of parameters X, ®
and f,, are shown. These system parameters are assumed fixed and references to them
will generally be omitted for notational simplicity in the sequel, unless warranted by

context.

NATIONAL UNIVERSITY OF SINGAPORE SINGAPORE



7.3 Maximal Probabilistically Constraint-Admissible Set and Its Properties 156

In general, the numerical characterization of PF is not easy as it involves a multidimen-
sional integration and several convolution operations (7.6b). Procedures that avoid these

expensive operations are discussed in the next two sections.

7.3 Maximal Probabilistically Constraint-Admissible Set

and Its Properties

With (7.5), it is possible to characterize the set that satisfy the probabilistic constraint

from¢t =1tillt =k as
0% (X5, @, f) : ﬂpf {x|Pr(x(t) € X;|x(0) =x) > 1—¢,t=1,--- ,k} (7.7)
and the maximal probabilistically constraint-admissible (PCA) set, O% (Xs, D@, f), as

0% (X;, D, fv) = ]}im O (X5, P, f)- (7.8)

Since probabilistic constraints are imposed for future states, ¢ starts from 1 instead of 0
in (7.7) and (7.8). As defined above, O% can be seen as the generalization of the standard
maximal disturbance invariant set [37] for system (7.1) with hard constraint x(¢) € X;.

Recall that if x(7) € X; has to be satisfied at all times, the maximal disturbance invariant
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setof (7.1) is

Ow 1= {x(0)| x(t) € X;, 1 = 0,1, } (7.9)

Hence, besides handling probabilistic constraint, O, differs from O in that the con-
straint at ¢ = 0 is excluded from consideration. More exactly, O.. is equivalent to X; N O%,

with € = 0 and O.. # 02.

While being the most direct generalization of O, O does not share many of its nice
properties. These limitations are best illustrated using examples. Consider again the
simple example of system (7.1) with n =1, ® = 0.5, f,,() being a constant over W =
{w| w| <1}, Xy ={x| |x|] <1} and € = 0.5. From (7.2) and Example 7.2.1, x(¢) has
a symmetric probability density function with respect to its mean, ®'x(0), see Figure

7.2. Also, taking expectation over w(i) i € Z;_; of x(¢) in (7.2), E[x(¢)] = ®'x(0) since

fa(z;8)

Figure 7.2: Density function of x(2), x(3) and x(4) with x(0) = 8 including the location
of the ®'x(0) in the figure
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E[w(7)] = 0. Consider a probabilistic constraint of the form Pr(x(7) € X;|x(0)) > 0.5.
This constraint can be restated for the example system as a deterministic constraint,
P'x(0) € X;, following the symmetry of f;(x,x0), E[x(¢)] = ®'x(0) and the range of X;.
Using (7.6a) and the above observations, Pf = {x| ®'x € X; } for this example. Similarly,

OL =i PE={x| P'xeX;, =1, 00} ={x|D|x| <1, > 1} ={x: |x| <2}

Example 7.3.1 (Non-invariance) In general, O% is not invariant, that is x(t) € O%, #
x(t+1) € O%. Consider the system with ® = —0.5, w(t) uniformly distributed over
W =A{w| |w| <1}, Xy = {x|] —3<x<6} and € =0.5. Using the analysis in the
preceding paragraph, Pf = {x|®'x € X}, so Pf = {x| - 12 <x <6}, P§ ={x|-12<
x <24}, PY = {x| —48 <x <24}, ---. Hence, OL, = (| Pf = {x] —12<x<6}. Let
x(0) = —12 € O% and suppose w(0) = 1. Then, x(1) = —0.5x (—12)+1="7¢ O% and

it shows the non-invariance of OZ.

Remark 7.3.1 The non-invariance of O% deserves further comments. The main reason
of this non-invariance follows from the fact that Pr(x(2) € X;|x(0)) > 1 — € does not
imply Pr(x(2) € X|x(1) = ®x(0) + w(0)) > 1 — ¢, for all w(0) € W, since the value
of Pr(x(2) € X|x(1) = ®x(0) + w(0)) depends on the realization of w(0). Using the
definition of (7.6a), this also means that x(0) € P§ does not imply x(1) € Pf. Hence, O%,

s not invariant.

In general, O% can be an empty set. But it is non-empty if X; contains any robust
invariant set of (7.1). For example, if F.. C X;, then OZ% is non-empty because F. :=

lim, .. F; where F; is given by (7.3) must be part of O%. Also, the above example has a
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convex O% set. As shown in the following example, this is not the general case.

Example 7.3.2 (Non-convexity) We show the non-convexity of O, by showing the non-
convexity of Pf. Consider the system with ® = 0.5, X, = {x| |x| < 0.5}, €=0.5, W =
{w||w| <1} and f,,(-) as shown in Figure 7.3. Let x* =2 and x” = —2. It can be verified
from Figure 7.3 that x* € Pt, x> € P¢ since Pr(x(1) € X;|x(0) =x%) =Pr(—1.5 <w <
—0.5) =0.5>1—¢ and Pr(x(1) € X,|x(0) =x*) =Pr(0.5<w<15)=05>1—¢.
However, Pr(x(1) € X;|x(0) = 0.5x% 4+ 0.5x") = Pr(—0.5 <w < 0.5) =0 < 1 — & which

implies that 0.5x" +0.5x" ¢ PE.

B
~ 1+
«2
{wjw € X}
0
<> <>
{w|®z* +w € X} {w|Pz® + w € X,}
05 i i i i j
-2 -1.5 -0.5 0.5 15 2
w

Figure 7.3: Probability density function of w

7.4 An Inner Approximation of O

As shown in the previous section, O% is not invariant, convex or easily computed in

general. This lack of nice properties prevents it from being useful in applications. This
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section reviews the general treatment of probabilistic constraint and, exploiting the in-
herent freedom, proposes an inner approximation of O%, OF, which is convex and in-

variant with respect to (7.1).

Consider the probabilistic constraint
PrveQ)>1—¢ (7.10)
where v is a vector of random variables and €2 is some appropriate set. Define
Sv(€):={Q|Pr(ve Q) >1—¢}. (7.11)

Clearly, S,(¢€) is the collection of sets that have a probability measure greater than 1 — &
and Pr(v € Q) > 1 — € for any Q € S,(g). Obvious properties of S,(¢) following its
definition are (i) S, (&) C S,(&) if €] > &; (ii) Suppose Q| € S, (&) and Q) C Q,, then
Q; € Sy(€). In general, S,(€) can have many or infinite elements and this freedom can

be exploited in the approximation of O%,.

Consider (7.6a) and restate it in terms of w(j), j =0,--- ,# — 1 using (7.2). Specifically,

(7.6a) becomes

-1
1 —¢& <Pr(x(t) € X;| x(0) =x9) = Pr(d'xo+ Z @ I w(j) € Xqlxo) (7.12a)
j=0

= Pr(dw,; € X,© {®'xp}|x0) (7.12b)
= Pr(w; € Q(x9)) (7.12¢)
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where w; := [(w(0))"---(w(t — 1))T]T e W', & = [@! & ... &% and Q,(x0) :=
{w;|®w, € X, © {®'xy}}. Following (7.11) and its ensuing discussion, €, (xo) is only

one choice in Sy, (€). Other choices exist. In particular, let

‘/178 ::WX"'XWXWg (713)
t—1

where W is any set such that We C W with the property that [, fi,(w)dw > 1—¢. Itis
easy to see that V; ¢ € Sy, (€) under the i.i.d. assumption in (A2) of Assumption 7.2.1.

Using V, ¢, an inner approximation of Pf is chosen as

Bf 1= {x| Vie SO (x)}

={x| x(0) =x, x(t) € Xy, Vw(t — 1) E We, YW(j) €W, jE€Z,n}  (7.14)

Accordingly, O% can be approximated by

O := N2 BF = {x| x(0) = x, x(1) € X;,

Yw(t—1) e We, Vw(j) €W j€Zin, YVt > 1} (7.15)

As Pf is an inner approximation of Pf, O% is an inner approximation of O%,. Properties

of Of are summarized in the following theorem.

Theorem 7.4.1 If non-empty, OF, of (7.15) has the following properties: (i) it is convex
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if X; is convex; (ii) it is robustly invariant set with respect to system (7.1) in the sense

that x(t) € O%, implies x(t + 1) € OF,.

Proof: See Appendix 7.A.2. [

7.5 Numerical Computation of O%,

Using (7.2) and (7.14), it is easy to see that f’f = {x|®x+w e X;,Vw € W} = {x]| Px €
X, ©We}, Pf = {x| ®°x € X, 0 W, © ®W} and, in general, Pf = {x| P'x € X, 0 W, ©
---© @~ !'W}. These expressions form the basis for the numerical computation of OL..

For this purpose, assume
Assumption 7.5.1

(A3) X and W are polytopes and contains the origin in their respective interior, and

one choice of We € S,,(€) with We being a polytope containing the origin is found.

Assumption (A3) is more stringent than required for reason of simplicity in presentation.
For example, it is possible to assume that X; is a polyhedron but some other assumptions
are needed [101] to ensure the finite termination of the algorithm for the computation of

OE. This algorithm is given below.

Algorithm 7.5.1 (Determination of O%)
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(1) LetY) = X, ©We; if Yy = 0, then O%, = 0 and stop; otherwise let OAf ={x|PxeY;}

andi=1.
(2) ComputeYii =Y;SPW. IfYiy =0, then O, = 0 and stop; otherwise continue.

(3) Compute 0f+1 =0 N{x| @ x e ¥} If(A)f;rl = O, then O%, = OFf and stop;

otherwise let i =i+ 1 and go to step (2).

OF, is said to be finitely determined if there exist a finite i such that Of = Of. The

following theorem gives a sufficient condition that guarantees finite determination of

A

O%.

Theorem 7.5.1 Suppose Assumption 7.2.1 and 7.5.1 are satisfied and ® has full rank.

If Yoo = limy . Y; is non-empty, then Ofo is finitely determined.

Proof: See Appendix 7.A.3. n

The following example verifies Theorems 7.4.1 and 7.5.1.

Example 7.5.1 Consider the example given in Example 7.3.1 and choose We = {w| |w| <
0.5}. Following the procedure of Algorithm 7.5.1, 0% = {x| — 11 <x <5} and O =
05 = {x| —8 <x <5}. Therefore, OF, = {x| —8 < x <5}. That this is an invariant set

with respect to the system can also be easily verified.

Remark 7.5.1 From Algorithm 7.5.1, it follows that

Yoo = X, OW, OPW O P*W O D’W - - = X, O W, © PF.. = X, © (W ®DF.) DX, O F., (7.16)
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where Fy is lim;_.. F; and F; is that given by (7.3). The last superset inclusion follows
from the fact that We CW, We @ PF,, C W ® PF,. = F... Using this observation, another
sufficient condition for finite determination is that F.. C int(Xy). This follows because
if Foo C int(X;), 0 € Xy © Fo which from (7.16) implies 0 € int(Ys). This observation
can be useful at times since it does not require the characterization of Y. and accurate

bounds on F. can be computed [80].

Remark 7.5.2 If hard constraints given by x(t) € X, V't > 0 is present in system (7.1)
in addition to the probabilistic constraints, Algorithm 7.5.1 can be modified slightly to

handle such a case. Replace step (1) of Algorithm 7.5.1 with

(1) Let O = X), and Y| = (X, ©W) N (X, ©We). If Y; = 0, then O, = 0 and stop;

otherwise let O = O5 N {x| ®x € Y, } and set i = 1.

The rest of the algorithm remains unchanged. The resultant algorithm determines a O%,

set incorporating both hard and probabilistic constraints.
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7.6 The MPC Formulation with Probabilistic Constraint

An obvious application of the O set is its use in the Model Predictive Control frame-

work where probabilistic and hard constraints are present. Consider

x(t+1) =Ax(t) + Bu(t) +w(t) (7.17)

where x(r) € R", u(tr) € R™ and w, € R" are the state, control and disturbance of the
system at time 7. Suppose the system is subject to control and state constraints in the

form of

(x(2),u(t)) € X, t >0 (7.18)

Prix(1) €X;} > 1—¢€,1>1 (7.19)

where X;, and X, are appropriate sets for the hard and soft constraints respectively. This
model includes the typical situation of the hard constraints for control and soft for state.
The objective is to find a state feedback MPC control law that will steer the state to the

neighborhood of origin while satisfying all the constraints.

In addition, system (7.17) is assumed to satisfy the following assumptions:

Assumption 7.6.1
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(B1) the system (A,B) is stabilizable;

(B2) w(t), t > 0 are i.i.d. with zero mean, W is a polytope and a W € S,,(€) satisfying

(A3) of Assumption 7.5.1 is known;

(B3) Constraint sets X;, and X; are compact polytopes and contain the origin in their

respective interiors.

These assumptions are quite standard for MPC and are needed for computational re-
quirement of OE.. Clearly, (B1) implies the existence of ® that satisfies (A1). Similarly,
(B2) implies (A2) and (A3). Suppose the finite horizon (FH) problem has a horizon
length N. Let x(i|t), u(ilt), w(i|t) be the i'* predicted state, control and disturbance re-
spectively within the horizon at time ¢. The parametrization of u(i|¢) is chosen to be the

one proposed in Chapter 4 and it takes the form

i

u(ilt) = Kpx(ilt) +d(ilt) + Y D(i, jle)w(i — jlt), i € Zn— (7.20)

J=1

where d(i|t) € R™, D(i, j|t) € R™*" are design variables and Ky € R™*" is chosen so

that @ := A + BK[ satisfies (A1) of Assumption 7.2.1.

For notation simplicity, collect all the design variables within the control horizon in the

following form,

d(r) = {d(iln}5", D(r) = {{DG, jln) Y= 32y (7.21)

The cost function that is to be optimized in the FH optimization problem is also the same
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as that in Chapter 4 and is

Jprp(d Z 1 (ilr) prJrZHveC (i, J1)) IR (7.22)
i=0 j=1

where W and A are arbitrary matrices as long as they satisfy
Y>-0, AL, 0¥ (7.23)

where ¥, is the covariance matrix of w(¢). For more information about choosing ¥ and

A, see Chapter 4.

With control parametrization (7.20) and cost function (7.22), the FH optimization prob-

lem, referred to hereafter as 2254 (x(t)), is

in J d(z).D
(d(g%n(t)) prp(d(t),D(z))

s.t. x(0[t) = x(t), x(i+ 1|t) = Ax(i|t) + Bu(ilt) +w(i|t) (7.24a)
u(ilt) = Kyx(ilt) +d(ilt) + Zl: D(i, jlt)w(i— j|t) (7.24b)

j=1
(x(ilt),u(ilt)) € Xp, Y w(ilt) e W, Vi€ Zy_y (7.24¢)

x(ilt) € Xy, V w(i— 1]t) € We, Yw(jlt) €W, j € Zi_p, Vi€ Z3, (7.24d)

x(N|t) € OF, Y w(j|t) EW,j € Zy_ (7.24e)

Constraints (7.24a)-(7.24c¢) are standard in the FH optimization where all constraints are
hard. Constraint (7.24d) guarantees Pr(x(i|t) € X;|xo) > 1 — € for all i € Zj; following

the discussion in Section 7.4. The last constraint (7.24e) ensures that both the soft
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and hard constraints are satisfied at all times beyond the horizon. This is true because
x(N|t) € O% means that Pr(x(N +i[t) € X,|x(N|t)) > 1 — ¢ for all i > 1 following the

characterization of O, in (7.15) and x(N + i|t) € X}, of Remark 7.5.2.

The computation of 2254 (x(t)) has already been discussed in Section 3.3 and Section
4.3 and hence is omitted here. The rest of the MPC formulation is standard: 2254 (x(t))

is solved at each time ¢ and the very first term of

(d(r),C* (1)) = argmin P (x(r))

is applied to system (7.17). Hence, the MPC control law is

u(t) = kPA(x(t)) := Kpx(t) +d(t) := Kpx(t) +d* (0]t) (7.25)

Issues of existence of feasible solution of QﬁCA (x(¢)) at various 7 and the stability result

of overall system under control law (7.25) are summarized in the following Theorem.

Theorem 7.6.1 Suppose 2254 (x(0)) is feasible and Assumption 7.6.1 is satisfied. 254 (x(t))
and system (7.17) under MPC control law (7.25) has the following properties: (i)
PLCA(x(t)) admits an optimal solution for all t, (ii) (x(t),u(t)) € X, for all t > 0 and
Pr{x(r+1i) € X;|x(t)} > 1 —¢€ for all i > 1 and t > 0O, (iii) x(t) tends to F. set with

probability one as t tends to infinity.

Proof: See Appendix 7.A.4. [
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7.7 Numerical Examples

An example is used for the numerical simulation in this section. Its system parameters

are:

A= ,B= s Kr=1 -1.0912 —0.6113 |, W={w| ||w[l«<0.1}.

Here, K is the optimal LQ feedback gain with Q = I, and R = 1 and w(z) is uniformly

distributed on W.

The first simulation aims to understand the implications of hard and soft constraints on
constraint admissible sets. In this regard, (7.1) is obtained with ® = A + BKy and O
and O, are computed using Algorithm 7.5.1 and Remark 7.5.2. To be consistent with
typical settings of a physical system, the control constraints are modeled as hard while

the states are soft. Correspondingly, these sets are

U={u||ul <1}, X;={x| x| <1.95,—-1.95<x, <1.05}, €=0.3

and W C W is chosen to be

We ={w| [wi| <0.1, —0.1 <w, <0.04}.

Figure 7.4 shows three constraint-admissible sets: O, 090 and Ofo. Here, O.. is com-

puted by treating X, as hard constraint to be satisfied at all times. Correspondingly,
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constraints —1.95 < x, < 1.05 of X; appear as binding constraints of O. Also, O and
090 are not the same as the latter considers soft constraints imposed from ¢ > 1 onwards.
Figure 7.4 also include an outer bound of F., the set to which the closed-loop system

state converges to under the MPC control law as shown in (iii) of Theorem 7.6.1.

2k

1

Figure 7.4: 0%, 0% and O.. set of the example system

Figure 7.5 shows the admissible set Xy, for the example with N = 2. As a comparison, it
also shows Xy, the admissible set for the FH optimization problem where W, and Ofo of
(7.24d) and (7.24e) are replaced by W and O.. respectively. Hence, Xy is the admissible

set where X; is treated as hard constraint.

The next simulation shows the states of the system under MPC control law for the case

where x(0) = x¢ = [~0.4 1.05)7, x(0) = x* = [1.34 0.3]7, N = 2 and

0.0263 0
W =7.8842, A=

0 0.0263
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Figure 7.5: Comparison of Xy and Xy sets

satisfying (7.23). The system is simulated over 200 disturbance sequence realizations
and eight of the simulation results are shown in Figure 7.6 to avoid clutter. As shown,
the hard constraints (those associated with |u(z)| < 1) are satisfied and x(¢) converges to

the F., set.

As shown in Figure 7.6, x € X does not hold for all time. However, the percentage of
time that x(¢) ¢ X, forz = 1,--- ,4 over the 200 runs are shown in Table 7.1. Clearly, the
constraint violations never exceed €, verifying result (ii) of Theorem 7.6.1. The amount
of violation also decreases with increasing ¢, a behavior that is expected following (iii)

of Theorem 7.6.1 as F lies in the interior of Xj.

Table 7.1: Statics Results
State x(1) | x(2) [ x(3) | x(4)

x| 13.5% | 1.5% | 0% | 0%
x(0)=xt| 0% | 0% | 0% | 0%

Percentage of x(7) ¢ X;
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Figure 7.6: State and control trajectories

7.8 Summary

This chapter proposes an approach for characterizing a constraint admissible invariant
set for a linear discrete system subjected to hard and probabilistic constraints. When the
constraint and disturbance sets are described by linear inequalities, so is the proposed
characterization. Properties and computations of this set are discussed. Using this as
the terminal set, a state feedback control law is designed under the Model Predictive
Control framework for a system that has both soft and hard constraints. The availability
of the constraint admissible invariant set and the treatment of probabilistic constraints

allow for greater design freedom in dealing with constraints of different importance.
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7.A Appendix

7.A.1 Proof of Theorem 7.2.1

Proof: To derive the density function of x(z), consider the case where x(0) = O first.

Then the predicted state of (7.1) is

x()=wt—1)4+dw(t —2)+---+ @ 1w(0). (7.26)

and denote the density function of x(¢) in (7.26) by f°(-) where the superscript 0 means
x(0) = 0. Clearly when ¢ = 1, the density function of x(1) is the same as the density of

w(0) since x(1) = w(0), therefore, f)(-) = f,y(+). Define

yii=w(t) +Pw(t —1)+ -+ tw(1),

then due to the fact that w(i), i > 0 are i.i.d. y, has the same density function as x(7) in

(7.26). Note that random vector x(7 + 1) can be equivalent expressed as

x(t+1) =y +2'w(0), (7.27)

Therefore, the density function of x(¢ + 1) can be determined using those of y, and w(0).

By applying the result in Section 8.16 of [102], the density function of x(¢ 4 1) in (7.27)
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is
fr{)+1 (x) = /f(y,,w(o)) (x —D'w,w)dw = /fto(x —®'w) f,y(w)dw (7.28)

where f,, ,,(0))(+) is the joint density function of y, and w(0), and the second equation is
due to the independence of y; and w(0). Equation (7.28), together with flo = f,, yields

the expression of the density function of x(¢) in (7.26) as

A ) = fulx) =1
(7.29)

fto(x) = ff,o_l(X—CI)’_lw)fw(w)dw t>2

Next, we show that f,O 1s continuous for all #. To this end, consider the difference

between £ (x) and f)(x+ &) as & — 0, we have

gg(ﬁ’(w £)—f3(x))

= Jim / (fu(x & — Dw) — fiulx — Dw)) fio (w)dw (7.30a)
_ / B (& = @) = o= Bw)) fs )b (7.30b)
_ 0 (7.30¢)

where the last equation is due to the continuity of f,,(-) made in (A2) of Assumption
7.2.1. Using a similar argument as (7.30a)-(7.30c), it can be shown that ftO(-), t > 2 are

all continuous.
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Now consider the case where x(0) = xo # 0. According to (7.2) the predicted state in
this case is the sum of x(z) in (7.26) and ®'x, then its density function can be expressed

as

filexo) = £ (x = ®'xp). (7.31)

Then the continuity of f;(x;xo) follows directly from the continuity of £°(-) and function

z(x,x0) = x — ®'xp. To show the convergence of f;(x;xg), # > 1, consider

lim (fi-+1 (x:%0) — fi (x:.%0))

= lim [ (fP(x—® g —®'w) — [ (x— D'x0)) fiw(W)dw = 0 (7.32)

[—o0

The second equation holds true due to continuity of f°(-) and (A1) of Assumption 7.2.1.

7.A.2 Proof of Theorem 7.4.1

Proof: (i) For each w; € V, ¢, the set of xq such that x(¢;w;,xp) € X, is a convex
set following (7.2) and convexity of X,. Since Pf = Nw,ev, . {xo| x(t;w;,x0) € X} and
intersection of convex set is convex, f’f is convex. Similarly, Ofo, as the intersection of
13,8 for all > 1, is also a convex set.

(ii) Suppose xo € O%. The following shows that x; € O% where x; = x(L;w(0),x9) =
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dxo +w(0) for any w(0) € W. Given xy € O, it follows from (7.14) that x(r;w;,xg) €
Xs, VW, € V; ¢ and Vt > 1. In particular, for any specific choice of t =7 with 7 > 2, this

means that

)C(ZT;W[‘,XO) EXS; for any wy = [W(O)7 7W(f_ 1)] € Vts

)

Let wo = w(0) be a particular realization of w(0), then there exists a x(7; Wz, xp) = x(7 —

Lywr_1,x1) and x(7 — Ly w1, x(f — 1;w7_1,x1) € X;. Letf =7 — 1, then

x(f— l;w,-_l,xl) € XVt > 2:>x(f;Wf,X1) e X,Vi > 1

Hence, x; € 0%, n

7.A.3 Proof of Theorem 7.5.1

Proof: From the assumption that Y., is non-empty, it follows from Y, | = Y; © ®'W
and Assumption 7.5.1 that ¥;, i > 1 are non-empty and compact. In addition, 0 € int(Y;)
since 0 is inside X;, W and W,. From step (1) of Algorithm 7.5.1, Of = {x|®x €Y} is
compact since ¥; is compact and ® has full rank. From 0%, | = Of N {x| ®"!x € ¥}

of step (3) of Algorithm 7.5.1,

0%, C OF Vi. (7.33)
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Since 0 € int(Ys) and p(P) < 1 from (A1) of Assumption 7.2.1, there exist a finite

integer k > 1, such that ®k+! Of C Y. This fact, together with Olf C Of , imply that

O1Of C MO8 C Y. C Yy (7.34)

Since OAi8+1 = 0¢ N {x| ®'*'x € Yi11}, equation (7.34) implies that any x € OF is also in

0,f+1 or Olf - 0,‘§+1. This and (7.33) implies that OA,“E = OA,‘EH. n

7.A.4 Proof of Theorem 7.6.1

Proof: The proof follows those in Chapter 4, and hence is brief.
(i) Let (d*(¢),D*(t)) denote the optimal solution of 9244 (x(¢)). At time f + 1 when

w(t) is realized, choose (d(¢ +1),D(t + 1)) by letting

X d*(i+ 1)+ D*(i+ 1,i+ 1|t)w(t), Vi € Zy_»
d(ilt+1) = (7.35)

0 i=N-1

X D*(i+1,jlt) Vje€Z Vi€l ,
D(i, jlt+1) = (7.36)

0 VjeZy ,i=N-1

Due to the result of Theorem 7.4.1 and the definition of O%, constraints (7.24d) and
(7.24e) are all satisfied by (d(z + 1),D(¢ + 1)). Hence, it is feasible to 25 (x(t + 1))
for all possible w(z) € W. Let IT5“(x) denote the feasible set of 2L (x). It is

clear that H]’\),CA (x) is compact for all admissible x. Since W is bounded and Jpgp is
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a norm function, max,, ;) Jprp(d(z +1),D(t+1)) < e and the set {(d, D) € TI{A (x(z +
1))[Vprp(d,D) < maxw(t)J(ﬁ(t +1),D(r + 1))} is compact. Hence, the optimum of
PECA(x(t +1)) exists, following the Weierstrass’ theorem.

(ii) Following from (i), the hard constraints are satisfied all the time. x(N|t) € OF im-
plies that Pr(x(N +i|t) € X;|x(N|t)) > 1 — € for all i > 1. This together with constraint
(7.24e) implies Pr(x(N +i|t) € X,|x(r)) > 1 — € for all i > 1. This and constraint (7.24d)
implies Pr(x(i|t) € X;|x(¢)) > 1 — € for all i > 1. Then the stated result follows this and
).

(iii) Let J* := Jppp(d*(r),D*(r)) and Ji;1(w(t)) := Jprp(d(t + 1),D(r + 1)) where

(d(z+1),D(z +1)) are given by (7.35)-(7.36). Then it can be shown that

JF = Ji1(w(t)) = d* (Ol + g (w(r)) (7.37)

where

N—1
(lvee(D" (i, ifr) IR —2(d* (ilr))"¥D* (i, ile)w(r) — | D (i, il )w (1) )

i=1

(7.38)

Due to (B2) of Assumption 7.6.1 and (7.23), E,,;[g(w(t))] > 0. Hence, taking the

expectation of (7.37) over w(r), it follows that

—[|d*(01)|[§ = E¢ [J74] (7.39)
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where E; is the expectation taken over w(i), i > t. Repeating the inequality of (7.39) for

increasing ¢, one gets,

E:[J71] = Ed[lld* (Ol + 1) [[] > E:[J712). (7.40)
Summing (7.39) and (7.40) leads to

JE 2 @ (0[1) [ +Ex[l|a (Ol + 1)) +Er [/}
Repeating the above procedure infinite times leads to

oo > J5 > Y E [[|d*(0]i)[|3]

i=t

By applying Markov bound (given non-negative random variable R and any & > 0,

E[R] > €Pr{R > €}), we have

o> £ Y Pr(|d* (0]} > ) (7.41)

i=t

for any arbitrary small € > 0. From the First Borel-Cantelli Lemma [75], this implies
that lim;_.. Pr(||d*(0i)||3 > €) = 0. Hence d*(0|i) approaches zero with probability
one as ¢ increases. Consequently, the MPC control law (7.25) converges to K px(f) with
probability one. When this happens, the closed-loop system converges to x(r + 1) =

®x(t) +w(t) and, hence, x(¢) converges to F..(K ) with probability one. "
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Chapter 8

Conclusions

The main focus of this dissertation is on the design of control laws under the Model Pre-
dictive Control framework for constrained linear discrete-time systems with bounded
disturbances. Emphasis is placed on the admissible set, stability results under several
control parameterizations, computational considerations and the handling of probabilis-
tic constraints. Specifically, this thesis contributes towards the four issues stated in

Section 1.3.

8.1 Contributions of This Dissertation

P1: F., convergence under MPC control law.

This thesis contributes towards achieving closed-loop F., convergence by proposing
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Figure 8.1: Contributions towards the issues in Section 1.3

three control parametrizations:

N—1

uPrC(ilr) = Kpx(ile) +c(ile) + Z] Ci, jle)w(i = jlr),
j:

uPP(ilr) = Kpx(ile) +d(ilr) + Zl, D(i, jle)w(i— jlt),

j=1

uP(ilr) = K px(ile) +d(ile) + ;D”(i,jlf)fvp(i— Jlt) + gDm(i,j!f)Wm(i—j\f)-

While the details can be different, these three parametrizations all achieve F., conver-

DFC

gence in some way. The use of u and the corresponding cost function results in x(z)

converging to F., set as ¢ tends to infinity, while the use of ¥?"? and uSPF results in

x(t) converging to F., with probability one as ¢ tends to infinity. Also u”FC differs form

uDF SDF

D and u in that past realized disturbances are not needed for ¥?” and u5PF in
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SDF

the feedback law. Parametrization =" is a generalization of the other two and hence is

expected to have the largest admissible set.

P2: A general control parametrization.

uSPF also contributes towards the goal of having a more general parametrization under

the MPC framework in the sense that it has the most expressive ability. However, its use
in the FH optimization problem is not directly computable in general. Fortunately, this

is not an issue when the disturbance set is an absolute set.
P3: The ability to control the F., set.

The third contribution of this thesis is the approach towards designing a feedback gain K
such that the minimal d-invariant set, F..(K) is well bounded in some given directions.
The approach is to choose K such that the support functions of Fi.(K), Op_ (k) (1), for
some given directions 1) are under some specific bound. When a set of 7n; are used,
the design problem is cast as an optimization problem to be solved by standard numer-
ical techniques. This thesis provides expressions for the evaluation of & k(1) and

d 6, (k)(1)/IK for those numerical techniques.
4: Probabilistic constraints in MPC.

The last contribution of this thesis is the treatment of probabilistic constraints in general
and the formulation of the FH optimization problem of MPC of systems having prob-
abilistic constraints. This leads to the concept of constraint-admissible set for system

with probabilistic constraints.
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8.2 Directions of Future Work

Several directions are available for future research and applications based on the work

in this dissertation.

8.2.1 Output Feedback Parametrization

In this thesis, the system state is assumed to be measurable. This situation is not always
possible as only output variables are available in some applications. Hence, extending
the work of this thesis to the case where the control is parameterized by output feed-
back is one future direction. A more important issue is to guarantee the feasibility and
stability of the system under an output feedback parametrization, especially when mea-

surement errors are presented.

8.2.2 Computation of Admissible Set

The admissible set under a time-varying disturbance feedback control parametrization
and segregated disturbance feedback is larger than that under a fixed feedback gain
parametrization. The current approach of computing the admissible set relies on the
projection algorithm [103] by Keerthi and Gilbert. However, this algorithm is not effi-
cient especially when the dimension of the system is large. For this reason, it is signif-
icant if an efficient algorithm can be established. As far as the author can see, this may

need knowledge in set operations and may be developed based on the work in [104] by
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Kerrigan.

8.2.3 Distributed MPC

For application of MPC to large scale systems, decentralized approaches appear appeal-
ing. Decentralized control approaches date back to the seventies of the last century and
are found in a broad spectrum of applications ranging from robotics, flight control to
paper making industries [105]. For example, in a robotic football game, each robot has
to plan its own actions and cooperate with others to score a goal; in the control of un-
manned aerial vehicles (UAVs), each vehicle plans its own trajectory so that together
they achieve certain formation and avoid collision onto each other. These applications
fall under the general class of optimal control problems for a set of decoupled dynam-
ical sub-systems where cost functions and constraints of the sub-systems are coupled.
One possibility of extending the work presented in this thesis is to the area of distributed

MPC.
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