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Abstract

An optimization-based control technique is developed
to defining feasible input trajectories with respect to
operating constraints. The proposed approach is based
on the construction of a semidefinite programming
(SDP) problem equivalent to the constrained control
problem. When the system is subject to structured
uncertainty, the nominal SDP problem is extended to
account for uncertain parameters evolving in a certain
ellipsoidal set.

1 Imtroduction

The intend in this paper is to define feasible input tra-
jectories that satisfy operating constraints. The pro-
posed approach consists in defining an optimization
problem equivalent to the constrained control problem.
One possible way is to cast this problem in an SDP
problem written in terms of Linear Matrix Inequalities
that can be efficiently solved using available softwares
(see [5, 1, 13]). An alternative way is to use model pre-
dictive control which has been widely used for tracking
problems subject to constraints (see [6] for a compre-
hensive survey and [8] for technical details). This tech-
nique is also referred to as moving horizon control or
receding horizon control. More particularly, it involves
a two step-procedure: (1) a sequence of future control
actions is chosen according to a prediction of the future
evolution of the system and applied to the plant until
new measurements are available, (2) a new sequence is
determined which replaces the previous one. Although
more than one control move is generally calculated,
only the first one is implemented. The proposed ap-
proach is very similar except the sequence is computed
only once over the whole horizon of prediction, thus
all calculated control moves are implemented. In other
words, the proposed approach is an open-loop predic-
tion comparable to the first step of predictive control.
In that respect, it could be referred to as predictive con-
trol using a long range horizon. Since the sequence of

control does not take into account new measurements,
it is assumed there is a feedback controller that guar-
antees stability along the trajectory. This assumption
1s fairly standard in the model predictive approach and
has found to be very convenient from a practical point
of view.

Given a nonlinear continuous-time closed loop system,
linearized discrete-time system can be derived around
an operating point. One way to proceed is to use a
standard forward-Euler discretization scheme. This
approximation leads to modelling errors that can be
represented as structured uncertainties. Moreover, the
original nonlinear system may be not well known, thus
increasing the discrepancy between the actual con-
trolled plant and the linear model. Such errors can
be captured by an uncertain system. The proposed
work is extended to cope with structured uncertainty.
An alternative way 1s to use classical approachs like the
robust receding horizon control (see e.g. [9] and [11]).

Section 2 1s devoted to the nominal SDP while Section 3
extends the nominal SDP problem to account for uncer-
tainty. In each section, the control approach employed
1s presented in distinct steps: system considered and
associated SDP problem, construction of an equivalent
SDP-problem, illustration using a second order system.
Concluding remarks end the paper.

2 Nominal SDP-problem

2.1 A discrete-time system without uncertainty
The problem considered in this paper consists in the
computation of a control sequence u = (ug,...,ur)’
for a discrete-time system of the form:

B That Azp + Bug

such that the outputs satisfy the constraints:



and the control satisfy the following constraints:
Ve=0,...,7, u, <up <ug , (3)
with the objective:
minimize c'u . (4)

where the time horizon T, the initial state zg, the con-
straints Yy s Ui, Wk and the objective ¢ are given.

2.2 Semi-definite programming problem
We consider a semi-definite programming problem

(SDP) of the form:

minc’z¢ subject to F(&) = Fo + ZE’Z}"Z >0 (5)

i=1

where ¢y € R™ — {0}, and the symmetric matrices
Fi = Fl € R"™™{ = 0,...,m are given. SDPs are
convex optimization problems and can be solved in
polynomial-time with e.g. primal-dual interior-point
methods [10, 13, 12, 7, 2]. SDPs include linear pro-
grams and convex constrained programs, and arise in
a wide range of engineering applications, see e.g. [5, 1,

13).

2.3 Construction of an equivalent SDP-problem
We can build an SDP problem which solves the problem
of computing u such that (2)-(4) are satisfied using the
following:

Theorem 2.1 We can build a vector cx and an affine
funetion F such that the SDP problem (5) and the
discrete-time problem (1)-(4) are equivalent.

Proof:

Let for all 0 < k < T, zi = (y, ui), Zr = (¥}, @),
2, = (¥, up)" and the matrices C' = (C"0)", D = (D'I)".
We can rewrite the problem as an equivalent form:

Find a control sequence ug, . . ., urp for the discrete-time
dynamaical system:
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such that the output z satisfies the constraint:

Therefore we obtain a discrete-time dynamical system
such that all constraints have being translated into the
output z;. Suppose that the vectors (zg, ..., zr) are in
the vector space R™:. Define the integer nzy = (T +
1)n,. We can write the constraints (6) as:

~ e se—dg ) 1<i<ng
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where z}c is the i-th component of z; and z,.; and
zer, define respectively the radius and the center of
the polytope for the constraints. More precisely they
are defined, for all by 0 < k& < T, by zy = %,
Zep = 22 et the generalized output vector 7, the
generalized radius vector, the generalized center vec-
tor, the generalized state vector X and the general-

ized input vector U be defined respectively by 7 =

(ZOa o 'aZT)/a Zr == (ZTOa o 'aZrT)/a Zc == (ZCOa o 'aZcT)/a
X = (z1,...,2r41), U = (ug,...,ur)’. We obtain
Z = M=xU 4+ Nzy, where M and N are de-

fined respectively by M = P x diag(B) + diag(D),
N =(C"0,...,0) + P+ (A’0,...,0), with

0 0 I 0 -
c o —A

0 0
C 0 —-A T
The generalized output vector Z evolves in the vector
space R™# and define (e;)iep1,n,) the canonical basis
of the vector space R™. So the problem (2)-(4) is

equivalent to the following one:

Find U such that: F(U) > 0, with the objective mini-
mize ¢zU, where cxr = (¢, ..., ) and F(U) is defined
by

F(U) = diag;¢

1,nz]

et Zy es(M*xU+ Nwg— 7.)
es(M U+ Nxog— Z.) ez,
(7)

So we have rewritten the problem (2)-(4) in a classical
SDP-problem (5) in variable U; we can compute the
generalized input-vector U solving only one SDP. O

Remark 2.2 We may use an algorithm which uses the
structure of the affine function 7. Indeed F has a
sparse form.

Moreover it is preferable to compute the control se-
quence (ug,...,up) in one step, like proposed in the
proof, rather than to compute the control step by step,
i.e. to build a SDP problem to compute ug and then
another SDP problem to compute u; and so on. Indeed
few number of steps can lead to an infeasible problem
even though the global problem may be feasible. &

2.4 An example
Consider a second-order, continuous-time controlled
system. We suppose that the data of this system have
nominal values:

{ 2! + arlzomx/ + arzwmx arzwmu

y =

(8)



where the real parameters have the nominal value a°",

i =1,2. We want to find u(t) such that, for all ¢ > 0,
we have u(t) < u(t) < @(t) and such that the output of
the system (8) satisfies, for all ¢t > 0, y(t) < y(t) < y(¢).
Note that we could take a higher order of constraint like
a constraint on the derivative of z. By discretizing this
system using a forward-Euler scheme with sampling fre-
quency h, we obtain a system of the form (1)-(3):

Find a control sequence (ug, ---,up) such that, for all
0 <t<T, u < wu < U and such that the out-
put (yo, - - -yr) of the two dimensional discrete-time dy-
namical system defined by (1) verifying the inequalities,

Jor all0 <k <T,y, <uyr <Yy, where

A B 1nom hnom Som
o) = —ha} —hal ha3 ,
10 | 0

and where the constraints are defined, for0 <k < T, by
y, = y(kh), g, = G(kh), u, = u(kh) and T = u(kh).

Consider the open loop response to the constant input
u = 1 with initial condition z¢ = (0,0)’. For h = 0.1,
a®™ = 3, ay°™ = 9, a time horizon T" = 50 steps,
Figure 1 shows the output y; (i.e. the state z of (8))
obtained with the constant input u = 1.
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Figure 1: The output of the discrete dynamical system
without uncertainty for the input « = 1.

We observe that it converges very slowly to the equi-
librium # = 1. We can look for a new control such
that the state converges to the equilibrium in less than
10 iterations of (1). More precisely, let the following
problem:

Find a control input u such that, for allt > 0, —10 <
u(t) < 10, and such that the state x in (8) verifies, for
all 0 <t <4h, 0 < 2(t) <2, for all 4h < t < 7h,
0.4 <a() <16, for allt >Th, 0.9 <z(t) <I1.1.

The equivalent discrete-time problem is the following:

Find a control sequence (ug, ..., ur) such that

Vk=0,...,T, —10<uy < 10 , (9)

and such that the output of the system (1) satisfies:

Vk=0,...,3, 0 <wy< 2, (10)
Vk=4,....6, 04 <y, < 16 , (11)
Ve=7,...,T, 09 <y.< 11 . (12)

We build the affine function F as shown in the proof

of Theorem 2.1 and solve the corresponding SDP prob-
lem to obtain the input v and the output y satisfying
(9)-(12) for a horizon T = 9 steps as shown in Figure
2. Note that the initial value ug is large with respect
to the others values. Suppose that we have a transi-
tion between two equilibria at ¢ = 0, more precisely
suppose that for the non positive time ¢ we have u = 0
and so the equilibrium z = 0, and that we want to
reach the other equilibrium # = 1 for the non negative
time. So it may be essential to constraint the control
sequence (ug,...,ur) to have small variations and the
initial value up to be small. This leads to the following
new constraint:

lug| <  mazvar (13)

Vk =0, T—1, Jugy1 — ux| < mazvar (14)

where mazvar 1s a new parameter which makes the
control smoother and the value of «(0) smaller. In Fig-
ure 2, the maximal variation (mazvar) of u is 6.5. But
we can compute a new input u even smoother such that
the maximal variation of u is less than mazvar = 0.8.
We can build (see proof of Theorem 2.1) an affine func-
tion F so that the problem (9)-(12), (13)-(14) with
maxzvar = 0.8 and the SDP problem (5) are equiva-
lent. Figure 3 shows the result of the computation of a
possible control. Note that this new constraint makes
the output much smoother.

.
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Figure 2: The output and the optimal input of the dis-
crete dynamical system.



Figure 3: The output and the optimal “smoother” input
of the discrete dynamical system.

3 Robust SDP approach

3.1 A discrete-time system subject to struc-
tured uncertainty

In this paper, we will consider uncertain systems mod-
elled as, for all 0 < &k < T,

{ trr1 = A(Ap)zr + B(Ap)ug (15)

v = C(Ap)zr + D(Ag)uy

where Ay is a (possible time-varying) uncertain ma-
trix. We want to compute a control sequence u =
(ug,...,ur) such that the output of the system (15)
satisfies the constraints:

VE=0,....7, y, <ur <7 , (16)
and the control satisfies the following constraints:
Ve=0,...,7, u, <up <ug , (17)
with the objective:
minimize c'u . (18)

where the time horizon T, the initial state zg, the con-
straints Yyo Ui U, Uk and the objective ¢ are given. We
assume that the matrix-valued functions A(A), B(A),
etc, are given by a linear-fractional representation

(LFR):

( A(Q) BIA) ) = ( é g ) + LA(I - HA)™'R

where A, B,C, D, L, R and H are constant matrices,
while A € A, where A is a bounded set of matrices.
The subspace A is called the structure set and defines
the structure of the perturbation which must be norm-
bounded. Together, the matrices A, B,C', D, L, R, H
and A, constitute a [linear-fractional representation
(LFR) of our uncertain system. In this paper we will
assume that the LFR is well-posed over A meaning
that we have VA € A, det(] — HA) # 0. As it turns

out, this 1s easy to cope with in our context, since our
system is actually in closed loop with a stabilizing con-
troller that will guarantee all external disturbances are
asymptotically rejected. For the uncertainty set A, we
can consider a very large class of matrix sets (see ex-
amples in [4]) but here we fix the class of sets A to
clarify the exposition. More precisely we consider only
ellipsotdal uncertainty. This means that the perturba-
tion consists of block vectors, each being subject to an
Euclidean-norm bound, more precisely

A= {diag(élfh, . ',611”), (61, .. .,(51)/ S D} ; (19)

where D 1s equal to

61 (51 6k E]Rnk’
Colera=] | 1Fll<e ¢
8 5N 1<kE<N

where p > 0 is a given parameter that determines the
“size” of the uncertainty, the integers n; denote the
lengths of each block vector 5 (we have of course ny +
~+-4+ny =1) and rq,..., 7 are given integers.

3.2 The robust SDP problem
We consider here a robust semidefinite programming
problem of the form:

minimize cpé subject to F(§,A) >0, (20)

where cgp € R™ — {0}, A is a “perturbation matrix”
that is only known to belong to a set A, and F is a
map from R” x Ap to 8", the set of the symmetric
matrices in R?*". We assume that F is given by a
“linear-fractional representation” (LFR):

+R(I — AHR) "' A'Lp (€)',

where F is an affine function like (5), Lg(.) is an affine
mapping taking values in R"*? Rg € R9*" and Hp €
RI*P are given matrices, while A € A, where Ag is a
bounded set of matrices. We will assume that the LFR
is well-posed over A meaning that we have YA € A
det(I — HrpA) # 0. We consider only SDP problem
with ellipsoidal perturbation sets Ag equal to

{diag(éljhb‘a M) 6lF ITIFF)’ (61’ R 6lFF)/ € DF} )

(22)
where D is equal to
61 61 6k c ]RnkF,
ERlF |6: : ) ||6k||2§pFa ’
6lFF §NF 1 < k < Np

where pp > 0 is a given parameter that determines
the “size” of the ellipsoidal uncertainty in the function
F, the integers ngp denote the lengths of each block
vector 8 (we have of course nig + -+ + nner = Ir)



and 7F, ..., pF are given integers. But the following
Theorem 3.1 is available in a large class of set A (see
[4]). Let Ji be the set of indices vi_1 + 1,..., v with
vg =0, v = Zle n;r. The following theorem can be
shown with Lagrangian relaxations techniques see [4]:

Theorem 3.1 Consider the wuncertain semidefinite
program with rational perturbation described by the
LFR (21), where the perturbation matriz A lies in the
set Ap defined by (22) and assume the LFR is well-

posed over Ag. Consider the semidefinite program

minimize cgé subject to S >0,
( P& Lr(€) ) N ( Ry Hp )/
Lr (&) 0 = 0 I
T 0 Rr Hp
(o ) (7 T)

where S = diag(Si,..., SNy ), with each Sy of size
ZieJk ri¥, and T is the block-diagonal matrix formed
with the block-diagonal r;g X r;p blocks of S. Then the
above semidefinite program in variables £, S 1s an ap-
prozimation of the robust counterpart (20), i.e. the
projection of the feasible set of (20) on the space of

&-variables is contained in the set of robust feasible so-
lutions.

3.3 Construction of a SDP-problem solving the
problem subject to structured uncertainty.
We have Theorem 2.1 in the following robust form:

Theorem 3.2 We can build a vector cx and an affine
funetion F such that the SDP problem (5) and the
discrete-time problem (16)-(18) are equivalent.

Proof: Following the proof of Theorem 2.1 to com-
pute the LFR of the generalized output matriz of the
equation (7), we obtain an SDP problem which is given
by an LFR depending of the generalized input vector U
defined by U = (uy,...,u)". So we can make a La-
grangian relaxation and use Theorem 3.1 to build an
SDP problem (5) equivalent to (16)-(18). a

3.4 An example
We consider now a second-order, continuous-time con-
trolled system with uncertainty in the data:

(23)

{x”—i—al(t)x’—l—az(t)x = as(t)u
y = =z

where the uncertain, time-varying parameters a;, ¢ =
1,2 are subject to bounded variation of given relative
amplitude p, more precisely a; () = a?™ (1 + pd; (1)),
i=1,2,t> 0, where —1 < 4;(t) < 1 for every t, and
a™, ¢ = 1,2, is the nominal value of the parame-
ters. We want to find w(t) such that, for all ¢ > 0,
u(t) < u(t) < u(t) , and such that the output of the

system (23), for any unknown function d;(t), i = 1,2
such that —1 < §;(¢) < 1 for every t, satisfy, for all
t >0, y) <yt) <y(t). By discretizing this system
using a forward-Euler scheme with discretization pe-
riod h, we obtain a system of the form (15), with the
following LFR:

(1) - ()
where A = diag(dy,d2) and
1 h

0
( zé B ) — _hag,om _harllom ‘ haleom ,
10 | 0

0 0
L=—hp| a}" af’™ ,R:(? é‘—ol)
0 0
With this choice of C' and D, we have y;, = y(kh) and
we take, for all 0 <k < T, y, = y(kh), ¥, = y(kh).
We look for a control such that the state converges to
the equilibrium in less than 10 iterations of (15). More
precisely, let define the following problem:

Find a controller w such that, for all t > 0, =10 <
u(t) < 10 and such that the state x in (23) verifies, for
all 0 <t < 4h, 0 < z(t) <2, for all 4h < t < 64h,
0.4 <x(t) < 1.6 and, for allt > 6h, 0.7 < 2(t) < 1.3.

The discrete-time equivalent problem is the following:

Find a control sequence (ug, ..., ur) such that the out-
put of the system (23) satisfies:
V=03, (0 —10) <u < (2 10),  (24)

Vk=4,5 (0.4; —10)' < gy < (1.6; 10)" , (25)
Vk=6,...,T, (0.7; —10) <y < (1.3; 10 . (26)

We can build as in the proof of Theorem 3.2 an affine
function F so that the problem (24), (25) and (26) and
the SDP problem (5) are equivalent, and then we solve
the corresponding SDP problem to obtain the control
sequence (ug, ..., ur) and the output y satisfying (24),
(25) and (26) for a time horizon T' = 7 steps as shown in
Figure 4. Note that the initial value ug is large with re-
spect to the others values. As explained in the nominal
case in section 2.4, it may be essential to add the new
constraints (13)-(14) where mazvar is a new parame-
ter which makes the control sequence smoother and the
value of u(0) smaller. In Figure 4, the maximal varia-
tion (mazvar) of u is 4.5. But we can compute a new
control sequence (ug, ..., ur) even smoother such that
the maximal variation is less than mazvar = 1. We
can build as in the proof of Theorem 3.2 an affine func-
tion F so that the problem (24)-(26), (13)-(14) with
maxzvar = 1 and the SDP problem (5) are equivalent.
The figure 5 shows the result of the computation of a
possible control. Note that this new constraint makes
the output much smoother.
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Figure 4: The output and the optimal input of the dis-
crete dynamical system with uncertainty.

- - the constraint on y, - y without uncertainty, .. the domain of y with uncertainty.

Figure 5: The output and the optimal “smoother” input
of the discrete dynamical system with uncer-
tainty.

4 Conclusion

An optimization-based control technique has been de-
veloped to defining feasible input trajectories with re-
spect to operating constraints. This constrained prob-
lem 1s cast in an equivalent semidefinite programming
(SDP) problem. When the system is subject to struc-
tured uncertainty, the nominal SDP problem is ex-
tended to account for uncertain parameters evolving
in a certain ellipsoidal set. To illustrate the use of
this technique, a constrained control problem involving
a second order system is solved numerically with and
without structured uncertainty. The simulations show
that the constraints are satisfied. Furthermore, the re-
sults demonstrate that the control can be quite smooth
when an additional constraint is used. This could be a
crucial aspect from a practical prospective. This tech-
nique seems more appropriate to predict trajectories
over a long range horizon. In the latter case, the com-
putation is completed off line, but measurement cannot
be used and a feedback controller is needed to guar-
antee stability along the trajectory. An application
of such approach using the proposed technique is cur-
rently underway [3].

References
[1] F. ALIZADEH, Interior poinl methods in semidef-
wmite programming with applications to combinatorial
optimization, STAM J. Optimization, 5 (1995), pp. 13-
51.

[2] F. Auizapen, J.-P. A. HAEBERLY, AND M. L.
OVERTON, Primal-dual interior-point methods for
semidefinite programming: Convergence rates, stability
and numerical results, Tech. Rep. 721, NYU Computer
Science Dept, May 1996.

[3] P. BenpotTI, C. PRIEUR, C.-M. FALINOWER
AND L. Er-GHaAouUl, An LMI Approach to Optimize
References for a Fossil Power Plant, technical report
in preparation, (2000).

[4 A. BeEN-TaL, L. Ern-GHaoul, AND A. NE-
MIROVSKI, Robust Semudefinite Programming. In R.
SAa1GAL, L. VANDENBERGHE, H. WOLKOWICZ, EDI-
TORS, Handbook of Semidefinite Programming. Kluwer
Academic Publishers, Waterloo, Canada, 1998. In
progress.

[6] S. Boyp, L. ErL Guaoul, E. FERON, AND
V. BALAKRISHNAN, Linear Matriz Inequalities in Sys-
tem and Control Theory, Studies in Applied Mathe-
matics, STAM, Philadelphia, PA, June 1994.

[6] C. E. Garcia, D. M. PRETT AND M. MORARI,
Model Predictive Control: Theory and Practice - a sur-
vey, Automatica, 25, (1989), 335-348.

[7] M. KoJima, M. SHIDA, AND S. SHINDOH, Global
and local convergence of predictor-corrector-interior-
point agorithm for semidefinite programmaing, Tech.
Rep. B-308, Dept. of Information Sciences, Tokyo In-
stitute of Technology, 2-12-1 Oh-Okayama, Meguru-ku,
Tokyo 152, Japan, 1995.

[8] M. V. KOTHARE, V. BALAKRISHNAN AND M.
MoRARI, Robust Constrained Model Predictive Con-
trol using Linear Matriz Inequalities, Automatica, 32,

(1996), 1361-1379.

[9] H. MicHALSKA AND D. Q. MAYNE, Robust reced-
g horizon control of constrained nonlinear systems,

IEEE Trans. Aut. Cont. 38 (1993), pp. 1623-1633.

[10] Y. NESTEROV AND A. NEMIROVSKY, [nterior

point  polynomial methods in conver programming:
Theory and applications, STAM, Philadelphia, 1994.

[11] B. PaRrK, J. LEE AND W. KWON, Robust one-step
receding horizon control for constrained systems, Int. J.

Robust Nonlinear Control 9 (1999), pp. 381-395.

[12] F. A. PoTRAa AND R. SHENG, Homogeneous
winterior-point algorithms for semi-definite program-
ming, Tech. Rep. 82, Department of Mathematics,
The University of lowa, lowa City, lowa 52242, USA,
November 1995.

[13] L. VANDENBERGHE AND S. BovD, Semidefinite
programming, STAM Review, 38 (1996), pp. 49-95.



