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Economic Model Predictive Control is a technique for optimization of economic revenues arising from
controlled dynamical processes that has established itself as a variant of standard Tracking Model Predic-
tive Control. It departs from the latter in that arbitrary cost functions are allowed in the formulation of
the stage cost. This paper takes a further step in expanding the applicability of Economic Model Predic-
tive Control by illustrating how the paradigm can be adapted in order to accommodate time-varying or
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1. Introduction and motivations

Model Predictive Control is a model-based control design tech-
nique for MIMO systems subject to input and state constraints.
In its classical formulation it allows to formulate general tracking
problems for nonlinear and/or linear systems by taking into ac-
count model-based predictions throughout a finite control horizon
and setting up the control selection algorithm as an on-line opti-
mization problem where the adopted cost function is a measure
of the discrepancy of the predicted trajectory with respect to the
desired set-point signal.

In recent years, Economic MPC has emerged as a variant of
Model Predictive Control where the primary control task is prof-
itability enhancement, rather than minimization of a tracking er-
ror. From a mathematical perspective, this amounts to consider-
ing cost functionals, defined over a typically finite control horizon,
which can take arbitrary shape, rather than being limited to some
(positive definite) distance function from a set-point of interest.
In particular, for nonlinear systems and/or non convex cost func-
tionals, profitability may be maximal away from equilibrium states
and this may in turn lead to complex regimes of operation or tran-
sient behaviors which may exhibit highly nonlinear features, such
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as asymmetry with respect to initial conditions or slow and highly
oscillatory decays.

Motivated by applications in areas where price variations are
comparable in speed with process dynamics, the case of time-
varying costs or parameter-varying costs were recently explored in
Ellis and Christofides (2014). The method developed is a Lyapunov-
based Economic MPC scheme which allows to guarantee bounded-
ness of solutions as well as constraints satisfaction while attempt-
ing to optimize a time-varying cost functional.

As a matter of fact, in recent years, many efforts have been
devoted to investigate Economic MPC variants allowing time-
varying costs in several domains of application: management of
energy in buildings (Ma, Qin, & Salsbury, 2014; Touretzky &
Baldea 2014), control of chemical plants (Ellis & Christofides, 2014)
and supervision of distribution networks, such as water networks
(Grosso, Ocampo-Martinez, Puig, Limon, & Pereira, 2014), power
grids (Adeodu & Chmielewski, 2013; Cole, Morton, & Edgar, 2014;
Hovgaard, Edlund, & Bagterp Jorgensen 2010) gas networks, etc
(Gopalakrishnan & Biegler, 2013). Other Economic MPC approaches
dealing either time-varying cost or cyclic plant operations from a
theoretical perspective can be found in Ferramosca, Limon, and Ca-
macho (2014); Huang, Biegler, and Harinath (2012); Limon, Pereira,
Mufioz de la Pefa, Alamo, and Grosso (2014). Indeed, the exten-
sion of Economic Model Predictive Control to encompass cost vari-
ability appears to be a natural question, both from a practical and
theoretical perspective, and conceptually similar to the traditional
departure from set-point tracking towards tracking of more general
reference trajectories.
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Two recent papers, Angeli, Casavola, and Tedesco (2015a,
2015b), have attempted to extend the Economic Model Predic-
tive Control analysis framework of Angeli, Amrit, and Rawlings
(2012) to this set-up. Hereby we recall the control algorithms and
the main results of Angeli et al. (2015a, 2015b) while providing a
comparison of their main merits and limitations, together with a
simulated case study where both approaches are tested and evalu-
ated against each other. This manuscript is an extended version of
Angeli, Casavola, and Tedesco (2015c) suitably edited for this spe-
cial issue.

2. Preliminaries and problem set-up

The basic formulation of Economic Model Predictive Control
deals with discrete-time systems of the following form:

x(t+1) = f(x(t), u(t)), x(0) =xq (1)

with t € N, state variable x ¢ X ¢ R", control input u e / ¢ R™ and
continuous state-transition map f: X x U — X. Additionally, sys-
tem'’s evolutions are subject to pointwise-in-time constraints in-
volving both states and input variables,

x@),u(t)) cz Vt>0 (2)

for some compact set Z c X x Y. The control task is to fulfill con-
straints (2) while, at the same time, minimizing a cost functional
defined integrating over time an instantaneous (continuous) stage
cost ¢ defined as:

ex,u) : X xU — R. 3)

For the case of Tracking Model Predictive Control, the stage cost
¢ typically takes the form of a quadratic function x'Qx + u/Ru, or a
shifted version of this, if an equilibrium either than 0 is the desired
target state.

In Economic Model Predictive Control, on the contrary, £ may
take an arbitrary shape, and this, in turn, can affect considerably
the optimal regimes of operations for the system. Notice that the
basic formulation of Economic Model Predictive Control only en-
tails time-invariant “ingredients”, viz. dynamics, (1), operational
constraints, (2), and operational costs, (3). While it is conceivable
to allow all of them to be time-varying, we argue that, in many ap-
plications of interest, dynamics are in fact time-invariant, while the
only significant source of variability happens at the level of both
cost and constraints.

This is because a plant often operates in a manner that does
not change in time, apart from deteriorating phenomena that are
normally much slower than the time-scales of interest. In this re-
spect, only the environment the plant is interacting with may ex-
perience faster and significant variations. Moreover, if we are talk-
ing about an ‘economic environment’, rather than a physical one,
time-varying constraints are typically not safety critical, and can
often be modeled as soft constraints, that is, as suitable cost penal-
ties incurred only in case of constraints violation.

These considerations allow to remarkably simplify the set-up
of a time-varying Economic Model Predictive Control scheme and
the associated analysis. They allow, in fact, to avoid feasibility is-
sues and associated technical complications that are known to oc-
cur whenever time-variability affects constraints or dynamics. On
the grounds of such considerations, we consider next two possi-
ble modifications of (3), in order to accommodate time-varying or
parameter-varying stage costs. Namely, we allow ¢ to directly de-
pend on time:

et,x,u) :Nx X xU - R (4)

or indirectly through a time-varying parameter 6 taking up finitely
many values in ® :={6,,6,,...,6y}:

700,x,u) : ©® x X xU — R. (5)

As expected, we are going to formulate the control selection policy
as the solution of an associated optimization problem to be per-
formed on-line at each sampling time on the basis of the current
knowledge of state and future predictions of both systems trajec-
tories and stage costs variations.

Notice that, also in the case of parameter-varying stage costs,
once the time evolution of the parameter 6 is assigned, one may
define a corresponding time-varying cost simply by composition of
the functions ¢ and 6(t), by letting:

e(t,x,u) = 2(0(t),x, u). (6)
This notation allows to formulate a unified cost functional for both
cases, by considering:

H-1

Ju(t.x.w) =" et + k. x(k), u(k)), (7)

k=0

where x :=[x(0),x(1),...,x(H - 1), x(H)] denotes the sequence of
predicted states, u = [u(0), ..., u(H — 1)] that of predicted controls
and H denotes the prediction horizon. In both scenarios, the input
u is selected at each sampling time t by finding a solution to the
following optimization problem:

J (. x(t), X (t)) :=n;§,nJH(t,z, v)

subject to :

z(k+1) = f(z(k),v(k)), (8)
(z(k),v(k)) e Z,k=0,....H-1

z(H) = x¢ (t)

z(0) = x(t)

and letting u(t) correspond to the first input value of any optimal
sequence v* solution of (8). Notice that, while continuity and com-
pactness considerations guarantee existence of an optimal solution,
this might in general be non unique.

The terminal equality constraint, often used in MPC as a means
to achieve recursive feasibility (and possibly stability), is specified
in (8) as a function of a suitably defined feasible trajectory xg(t).
Indeed, x¢(t) can be selected according to different criteria. How-
ever, existence of an input ug(t) fulfilling:

(1) xp(t +1) = f(xp (), up(t))
(2) xp(@).up()) ez V=0,

is crucial to the following developments. Defining the sequence of
terminal constraints according to a feasible solution, in fact, al-
lows to easily achieve two important goals: recursive feasibility
and guaranteed optimal performance. We recall next one of the
technical Lemmas in Angeli et al. (2015a).

Vt>0,

Lemma 1. Consider system (1), controlled by the following time-
varying state-feedback,

u(t) = vg(t.x(t))

where v*(t, x(t)) denotes the solution, at each time t, of the optimiza-
tion problem (8). Then, if a feasible solution exists at time 0, problem
(8) is feasible at each subsequent time t. Moreover, the asymptotic av-
erage cost of closed-loop trajectories is bounded from above as fol-
lows:

lim sup Do €(t.x(t), u(t))

T—+00 T

-1
< llm Sup Z[:O e(t + H9 XF (t)a Ur (t)) )
T—+00 T
Proof. Let z*(t,x(t)) and v*(t,x(t)) denote the optimal state and

control sequences for problem (8) at time t. Then, at time t + 1,
the shifted state and control sequences Z = [z}, (t, X(t)), xg (t + 1)],
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