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Abstract—The growing penetration of renewable and dis-
tributed energy resources introduces more and faster fluctuations
into power systems. This poses a challenge for the existing system
control to both satisfy system operation constraints and maintain
an economic performance, especially during the transient opera-
tion. To overcome this, we consider Economic Model Predictive
Control (EMPC), which is a dynamic optimization algorithm.
To ease the computational burden of solving the optimization
problem, the proposed controller is based on an inexact solution
to an economic dynamic optimal control problem, which is
obtained by reducing distributed dual iterations. This allows for a
fully distributed implementation with only neighbor to neighbor
communications. The theoretical properties of this controller
include transient economic performance, transient constraint
satisfaction and stability. The method also takes into account
of many practical issues such as partial observations, model
mismatches, and inexact predictions. We include a numerical
study comparing this approach to a state of the art solution and
show faster frequency stabilization and constraint satisfaction.

Index Terms—Predictive control, Distributed control, Dis-
tributed decision-making, Power generation dispatch, Power
generation economics

I. INTRODUCTION

The conventional frequency control for power networks
consists of a hierarchical structure, in which different con-
trollers operate at different time scales to achieve specific
control goals [1], [2]. On the fastest level, primary frequency
control absorbs load changes in a few seconds by adjusting
the power. The frequency deviation is regulated on the second
level by automatic generation control (AGC), which restores
the nominal frequency within 5-10 minutes. The economically
optimal operation point is computed in a centralized economic
dispatch (ED), which operates at the slowest time scale. This
computation is based on the Optimal Power Flow (OPF)
problem, which can take minutes to hours to solve.

Due to the increasing proliferation of renewable and dis-
tributed energy generation, power networks are subject to fast
and large power fluctuations. Since the economic performance
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and the system constraints are only taken into consideration in
the (slow) centralized ED, this can lead to a deterioration in the
transient economic performance and to significant constraint
violations. In order to solve this problem, a real time economic
dispatch based on distributed computation is necessary. One
option is to let secondary frequency control efficiently use
information of the tertiary economic dispatch.

To address these problems, different control structures have
been proposed in [3], [4], [5], [6], [7]. Most of these ap-
proaches pose a simplified economic dispatch as a steady-
state optimization problem and implement the corresponding
primal-dual algorithm as a real time controller for the system.
If the uncontrolled system is linear and stable, the resulting
closed-loop system was proven to converge to the optimal
steady-state. Correspondingly, these controllers only provide
guarantees for steady-state operation, which is almost never
attained in reality due to time-varying fluctuations. Therefore,
constraint satisfaction and economic efficiency in transient op-
eration are of paramount importance, but cannot be guaranteed
by the above mentioned algorithms.

A natural extension of these approaches is to consider
model predictive control (MPC) [8], a dynamic optimization
method, which provides theoretical guarantees during transient
operation. While there have been previous MPC approaches
for power networks [9], [10], they are designed to replace the
AGC and achieve better stability properties. They are typically
not designed to achieve real time economic dispatch.

Contribution of this paper. We propose a distributed economic
model predictive control (DEMPC) [11] based on inexact dual
minimization to approximately solve the economic dispatch
problem in real time. Instead of driving the system to some
predetermined setpoint, we directly consider an economic cost
which can be specified by the system operator. By minimizing
this cost function the economic MPC ensures bounds on the
transient economic performance and implicitly stabilizes the
system to the associated optimal steady-state. One of the core
challenges to apply MPC to fast and large systems is the
computation burden of solving the optimization in real time.
We use dual distributed optimization algorithms to enable the
application to large scale networks. Furthermore, we adjust the
MPC optimization problem to explicitly compensate inexact
solutions in the distributed dual optimization due to real time
requirements. Thus, the resulting DEMPC can be implemented
in a distributed fashion with limited neighbor to neighbor
communication. Furthermore, the controller guarantees con-



straint satisfaction, stability and economic performance during
transient operation, which are desired properties to handle fast
and large fluctuations. Compared to existing MPC approaches
for power networks, the presented approach is scalable, ex-
plicitly takes economic performance into consideration and
ensures constraint satisfaction under inexact minimization.
We demonstrate the effectiveness of the proposed DEMPC
approach using nonlinear simulations with the IEEE 39 bus
system. Our method also takes into account of many practical
issues such as partial observations, model mismatches, inexact
predictions, etc.

Lastly, we discuss the difference between this paper and
the conference paper [12]. Though [12] also studied EMPC, it
only focused on linear dynamical systems and the analysis
were only about ideal cases without much details. More
importantly, it neglected many important issues for real-world
implementation. In contrast, this paper uses the nonlinear
dynamical model, articulates the method in a much more
rigorous and organized way, and addresses many important
practical issues in a principled way including partial observa-
tions, model mismatches, prediction errors, etc. Note that these
practical issues require us to redesign man parts of EMPC
and re-derive the performance guarantees. Correspondingly,
all the simulations and discussions are new. As shown, this
paper is substantially different from [12], both in technical
contributions and in writing.

The remainder of this paper is structured as follows: Sec-
tion II presents the economic dispatch problem and discusses
some preliminaries. Section III presents the inexact DEMPC
with the corresponding distributed dual iteration. Section IV
compares the proposed controller to a state of the art controller
in simulation scenarios. Section V concludes the paper.

A. Notation

The real numbers are denoted by R, the natural numbers
by N and the identity matrix by [,, € R"*™. The component
wise absolute value of a vector x € R™ or matrix € R"*™
is denoted by |x|. A power network can be modeled as an
undirected graph (N, &), where each node ¢ € A represents
a bus and the edges (i,7) € € C N x N represent the
physical couplings with the line power flow P;;. The buses are
separated into generators G and loads £ with N'= GU L. The
neighbors of bus i are given by N; = {j € N|(i,5) € £} and
the full neighborhood including bus i is given by N; = N; U
{i}. The overall state z € R™ of the power network consists
of local states x; € R™ of bus i with z = [z],... ’xI—E\/I]T’

>~ n;. The states of the full neighborhood N are

ieN

denoted by zx;, € R™i with ny;, = >, n,;. We introduce
JEN;

projection matrices W; € {0, 1}~ *™, such that x5, = W;z.

n =

II. PRELIMINARIES AND CONTROL OBJECTIVES

We study generation control when there are changes in
net loads, e.g, load minus renewable generation, from their
nominal (operating) points.' To simplify the notation, all of the

'Our MPC approach and the results derived in this paper can be easily
extended to load control. We focus on the generation control for the ease of
exposition.

variables in this paper represent deviations from their nominal
(operating) values. In practice those nominal values are usually
determined by the last economic dispatch problem [2].

In the following, we provide preliminaries and our control
objectives, which are necessary for a successful implemen-
tation of the model predictive controller (MPC), which is
described in Section III.

A. Dynamical Model for Prediction

One important factor for successfully implementing MPC is
an accurate dynamical model to simulate the system dynamics.
This model is used to predict the system state under designed
control inputs. In the following, we derive a linear distributed
discrete time prediction model for the nonlinear continuous
time power dynamics.

1) Nonlinear network model: The generator dynamics i €
G can be described with the following network model [6], [7]

o 1 ,
PM = __(pM _ pc), (1a)
w; = YA D;w; + ]DiL — RM + Z P;; | ,(1b)
v (i,5)€€
o= o 10

with the mechanical power PiM , the frequency deviation w;,
the phase shift d;, the power change control command PC, the
power load PF and the line power flow P;;. The bus parame-
ters are the generator inertia M;, the damping constant D; and
the time constant 7;. Note that the generator turbine-governor
model is simplified to the first order model in equation (1). The
line power flow is given by the following nonlinear equation
in dependence of the phase shift §,; = 6; — J;:

Vv,

p.o— i
E I +ry

(lij sin(éij) — Tij COS((Sij)) — PO

R

(i,4) € £.
)

The corresponding line parameters are the bus voltage V; and
V;, the line inductance [;;, the line resistance 7;; and the
nominal line power flow Pi(} corresponding to the nominal
phase shift d7);.

With the local state z; = [P, w;,d;] € R3, the control
input u; = PX € R and the external disturbance d; = PF €
R, we can write the generator dynamics in the following form

i€G.

The load dynamics ¢ € £ are described by the power balance
equation

i’i = fc7i(xM7ui7di)7

. 1
61:0‘)1:75 RL+ Z Pij
! (i,§)€E

Correspondingly, the local state z; = J; € R describes the
load dynamics with the coupled model:
The overall system is described by

= fe(z,u,d).



2) Successive linearization: This nonlinear model tends to
be too complex for the controller design. In order to avoid
a large model mismatch, the line power flow is successively
linearized around the current phase

ViV,

AP = ——
R

(lij cos(éij) + 735 sin(éij)) Aéw

=Bi;(8:5)
For small to medium size phase shifts Ad;; we have
Bij(0i;) = B;;(6y;) and thus the line power flow is affine
in the phase shift AJ;;:

Pij ~ pij + BijAéija

where Pij denotes the current line power flow.
With this, we have an affine distributed model:

= A.x+ Bou+ Ged + ce.

The affine term ¢, depends on ]51-]- and is updated online based
on the measurement.

3) Discrete time model: In order to enable efficient predic-
tions, we use a distributed discrete time model of the power
network. Typical methods to discretize distributed system
dynamics are explicit discretization schemes, like the Euler
method. These methods keep the structure in the dynamics and
for a small enough step size h also approximate the continuous
dynamics sufficiently well.

The load dynamics are very fast (; < 0.1ms) and are
thus often approximated as a differential algebraic equa-
tion (DAE) [13], with settled load dynamics w; = 0,7 € L.
Standard explicit discretization schemes are unsuitable for
such stiff power networks.

The problem of stiff dynamics in power networks is well
known. To overcome this issue we use the implicit trapezoidal
method [14], [15], which is often used for the simulation of
power networks. The system is approximated by the linear
equality constraint

(In - hAc> xt = (In + hAC> z+ hBeu+ hGed+ hee,
2 2 ~— ~— ~—
B G c

F A

3)

with the step size h. Due to the distributed structure of
A., B¢, G, the dynamic equality constraint (3) has the
following distributed structure

F./\/L.l'j\_[b_ = A./\/L.J?NL. + Bu; + Gid; + ¢;. 4)

The following controller design is based on the linear discrete-
time model (4), while the true system is assumed to be
described by the nonlinear continuous-time model (1), (2). In
Section III-D we discuss how we can systematically account
for this model mismatch in the controller design.

4) Integration of existing primary frequency control: Typi-
cally, there exist primary frequency controllers u; = K, zu;,
which we would like to incorporate into the MPC design.
Some recent publications on the design of primary frequency
controllers are given in [16], [17], [18]. We can use such an

existing feedback by implementing the control input u;(t) =
K, xpr, (1) +v;(t), where v;(t) is the new control input which
is calculated based on the MPC. The model (4) correspond-
ingly changes to the pre-stabilized dynamics including the
feedback. This way, the MPC is put on top of the existing
control structure and can use existing schemes. Thus, the
predictive controller is only necessary to ensure constraint sat-
isfaction and improve the economic? performance. In addition,
the incorporation of an existing feedback K can significantly
reduce the constraint tightening in Section III and might allow
for an implementation of the MPC with a longer sampling time
(compare Section III-E3).

B. Estimation

We have a simple model (4) to predict the future response
of the power network for a given input trajectory’® wu(-|t).
However, this requires the current state x(¢) and the power
load d(t) to be known. In practice, only the line power
flow P;; and the frequency w; can be measured. Thus, an
augmented distributed observer needs to be implemented to
compute the state estimate 7(¢) and load estimate d(t) based
on the measured variables. In [19, Sec. 5.4.2] a distributed
augmented Lunenberg observer is designed with distributed
linear matrix inequalities (LMIs) to estimate the state x(t)
and a randomly changing load d(t) for a power network. With
such an observer, we have real time estimates of the state and
load with bounded errors despite model mismatch and noise.
There exist a variety of different, potentially better, distributed
observers that can be designed, which is however not the focus
of this paper.

In order to predict the future output response, we also need
to know the future power load d(-|t). For the purpose of
performing theoretical analysis, we assume that the load d
stays constant over the prediction horizon. Small deviations
can be treated as a model mismatch. In case of a large load
change, there might exist some predictive knowledge which
can be directly incorporated in the prediction of the system
response and thus in the MPC scheme.

C. Real time economic dispatch

In the following, we formulate our objectives of the real
time economic dispatch in power networks. The control
specifications can be separated into three goals: constraint
satisfaction; economic performance; and frequency regulation.

1) Constraints: The first goal is to ensure constraint satis-
faction during transient operation. We consider the following
hyper-box constraints for the state and input

PE € [PCins Pluads  PM € [PM

i,min’ i,max i, min’

P o

i,max

P;j € [Pijmins Pijmax)-

®)
w; € [wi,mina wi,max]a

The considered constraints for the power generation P; and
line power flow P;; are standard for the economic dispatch [6],

21t possible, one should use a stabilizing feedback K, such that the result
in Lemma 1 still holds. This is for example the case if the controller only
depends on frequency deviations, like droop control.

3We denote predicted trajectories by u(-|t) = {u(0[t),...,u(N—1[t)} €
R™*N | where u(k|t) is the predicted input at time t + k.



[7]. The constraint on the frequency deviation, on the other
hand, is only relevant for transient operation, but can still be
of high practical relevance.

Constraint violations in the line power flow or the frequency
deviation, even for a short period of time, might cause a power
outage. Correspondingly, it is crucial that the posed constraints
are satisfied at all times during transient operation.

2) Economic performance: The desired behavior of the
power network needs to be captured in a suitable distributed
economic cost [(x, u). In particular, this economic cost should
be chosen such that by minimizing the transient economic
cost, the MPC scheme implicitly stabilizes the optimal setpoint
associated with the economic dispatch.

Each generator i € G incurs a certain cost a;;(P) when the
power generation is P/, This cost is typically specified by a
user. Different interpretations and the relation to the economic
dispatch can be found in [6]. This cost function is typically
assumed to be continuous, differentiable and (strictly) convex.

In addition, we consider that the power command P incurs
the same cost with some weighting factor y > 0, i.e. yo; (PF).
This can be thought of as the cost associated purely with the
power command P and thus with changing the current level
of power generation P} . Alternatively, this can be interpreted
as an additional (optional) tuning variable that allows a user
to tune the transient response of the controller by penalizing
large control inputs, which correspond to fast changes in the
power generation.

Furthermore, large frequency deviations w; are undesirable
and should be suppressed. Thus, the economic cost includes a
quadratic cost Sw? with some user specified parameter 3 > 0.
With this, the economic cost is given by

ayu) =Y liwi,w) =Y ai( PM) +y0s(PF) + Bui.
i€g i€g 6
(

This economic cost has a convex, distributed structure, which
makes it suitable for distributed (dual) optimization algo-
rithms. It is important to note, that the MPC minimizes the
predicted economic cost (z(-|t),u(:|t)) over some transient
prediction horizon, instead of computing and directly stabiliz-
ing the optimal steady-state.

3) Frequency regulation: The frequency constraint (5) en-
sures bounds on the frequency deviation and the economic
cost (6) incentivizes small frequency deviation. Nevertheless,
for constant shifts in the power load, the economically optimal
behavior is to stabilize a common, not necessarily zero,
frequency deviation. In [7] a similar cost is considered and the
minimizer is shown to be a frequency synchronized solution,
similar to droop control. To ensure that no such offset in the
frequency deviation persists, we add the following constraint

57L € [5min7 6max}7 (7)

which implicitly introduces a transient constraint on the fre-
quency deviation and ensures that the system is driven to
steady-state operation in the absence of dynamic load changes.
This constraint can be thought of as the MPC based analog
to AGC, which yields an integral like control action, compare
simulations in Section IV.

The constraints (5), (7) can be modeled with the following
coupled polytopic state constraint sets

ieN,
We also introduce the overall state constraint set X:

X ={z|Wx =xp, € Xy, Vie N}

Xy, ={an, |Hy,zn, < hit, h; € RP:,

The input constraint sets are defined similarly as
ui:{ui‘Liuigli}y liERq"’, Uu=u, XZ’{\J\/|

Note that we require satisfaction of the constraints at all time
instances, i.e. (z(t),u(t)) € X x U, Yt > 0, not just at
stationary operation.

Given the economic cost (6), the constraint sets and a given
power load d, we can formally define the optimal steady-state

(2%, u®) =argminl(z,u) 8)
s.t. (z,u) € X xU,
Fr=Ax+ Bu+ Gd+c.

Lemma 1. For a constant load d, the optimal steady-state
(z¢,u®) in (8) is independent of the tuning parameters [3,
and is equivalent to the solution of the economic dispatch
problem [6, Eq. (5)] with the cost function o;(PM).

Proof. First note, that 51» = w; implies that steady-state
frequency deviation is zero. Furthermore, the stationary input
satisfies PC = PM. Thus, the steady-state cost is given
by I(z¢,u¢) = 3 ,cq(1 + 7)a;(PM) and the minimizer is
independent of (3, . O

The tuning parameters 3, - do not affect the optimal steady-
state, hence they can be freely tuned to shape the transient
response of the controller. High values of + lead to a smooth
but slow response. Large values of 3 lead to small frequency
deviations but also slower convergence to the optimal steady-
state. As we will see later, the MPC scheme implicitly “finds”
the optimal steady-state without explicitly computing it. Thus,
both transient and stationary control goals can be treated by
separate tuning factors with a unified control approach.

IITI. INEXACT DISTRIBUTED ECcoNOMIC MPC

Given the preliminaries in Section II, we can formulate the
DEMPC. First, an idealized MPC scheme with corresponding
theoretical properties is discussed. Thereafter, the mathemat-
ical formulation for the proposed inexact DEMPC scheme is
presented. Then, the distributed dual iteration with a corre-
sponding stopping condition is described and the computation
of the constraint tightening is explained. Finally, the offline
procedure and the closed-loop operation are summarized and
the theoretical properties are discussed.

A. Idealized model predictive control formulation

Before presenting the proposed inexact DEMPC scheme,
we briefly discuss the properties of an idealized MPC scheme.
By idealized, we mean that there exists no model mismatch
and that the optimization problem is solved exactly, which are
standing assumptions in much of the MPC literature.



Given a receding horizon window N, model predictive
control (MPC) is characterized by solving an optimization
problem at each time step ¢ and then applying the first part
of the computed optimal input trajectory to the system. The
corresponding standard optimization problem is given by

N—
u(- It) ac( t) Z Zl(xl(kit)7uz(k|t))

(9a)
=0 i€g
s.t. z(0ft) = m( ), (9b)
Fa(k +1|t) = Az(k|t) + Bu(k|t) + Gd(k|t) + c(t), (9¢)
PA[('Ht) [ 7,mins Pz max}: wz(k‘t) S [wi,minawi,max}-, (9d)
(k|t) [ i,min>s P/(nnxi 1J<k|t) € [P/g'lin7 P/Ijlaxi (%e)
k:O,..., -1, ieN, jeWN,

with the current estimated state x(¢). The constraints (9d)-
(9¢) can be written compactly as x(k|t) € X, u(k|t) € U.
The solution to this optimization problem are optimal state and
input trajectories x*(-|t), w*(:|t) that satisfy these constraints
and minimize the economic cost [(x,u) over the prediction
horizon N € N. Since system security is formulated in terms
of hard constraints (9d)—(9e), the controller always prioritizes
safety over economic performance. In a standard MPC setup
the optimization problem (9) is solved exactly at each time
step t and the first step of the optimal open-loop input
sequence u*(-|t) is applied to the system, i.e., u(t) = u*(0|t).
Crucially, MPC is a receding horizon strategy and the constant
prediction horizon N is continuously shifted to start at the
current time ¢ in closed-loop operation. In Section III-E3 we
discuss how this can be generalized to solving the optimization
problem only every M time steps and applying the first M
steps of the optimized input sequence.

In the following, we assume that «; is a strictly convex
quadratic* function. The following proposition summarizes the
properties of the closed-loop MPC under idealized conditions.

Proposition 2. [21], [22] [23, Thm. 5] Consider a constant
load d(t). Suppose that the unknown optimal steady-state (8)
x¢ lies strictly in the constraint set and that (F, A, B) is
stabilizable. Assume further, that the prediction model is
identical to the real system and the optimization problem (9)
is solved exactly in each time step t. Then, for any set of
feasible initial conditions, there exists a sufficiently large N,
such that the MPC problem (9) is recursively feasible for the
closed-loop system and the constraints are satisfied for all
t > 0. Furthermore, the optimal steady-state x° is practically
asymptotically stable under the closed-loop dynamics.

By recursive feasibility, we mean the property that the
optimization problem remains feasible, i.e. there exists a
solution to the optimization problem at each time step t.
Practical asymptotic stability, as for example defined in [21,
Def. 2.2], implies that the closed-loop system stabilizes a ball
centered around the optimal steady-state. In this case, the size
of this ball depends on the prediction horizon N. The larger

4If the nonlinear cost I(x,u) is strictly convex (but not necessarily
quadratic), the theoretical properties remain valid. A strictly convex quadratic
economic cost can be interpreted as a tracking cost of a desired but unreach-
able setpoint [20].

the prediction horizon N, the closer we get to the optimal
steady-state. From a practical point of view, the difference
between practical asymptotic stability and asymptotic stability
may be negligible since the system is constantly subject to
changes and fluctuations.

B. Inexact model predictive control formulation

From a practical point of view, assuming no model mis-
match and exact optimization in each time step is unrealistic.
Thus, we consider a modified formulation based on the theo-
retical results® in [24]. This inexact DEMPC scheme is char-
acterized by approximately solving the following distributed
optimization problem at each time step ¢

k 0 i€G
s.t. :z:(0|t) = x(t),
|Az(k|t) + Bu(k|t) + Gd(k|t) + c(t) — Fa(k 4+ 1]t)| < wy,
wy=(N—-1—Fk)-v, k=0,...,N—1,
w(k|t) € Xy, wu(klt)ecU, k=0,...,N

i (K|t), ui(k[t)) (10)

-1

Compared to the standard formulation (9), the dynamic
equality constraint (3) is relaxed by some positive vector
v, wg € R™. Furthermore, the state constraints are replaced
by tightened constraint sets X';,. These two modifications are
needed to ensure recursive feasibility and constraint satis-
faction for the closed-loop system based on the MPC with
inexact minimization and are discussed in more detail in the
subsequent subsections (compare [24]). In the following, we
only consider the proposed problem (10), since the standard
problem (9) does not ensure theoretical properties of the
closed-loop system under realistic conditions, such as model
mismatch and inexact optimization.

C. Distributed dual optimization

To enable the practical application of the proposed inexact
DEMPC, an approximate solution to the distributed quadratic
program (QP) (10) needs to be computed in real time in a scal-
able distributed fashion. Dual optimization algorithms enable
a fully distributed solution based on dual decomposition, only
require neighbor to neighbor communication and are thus suit-
able for large power networks. There exists a variety of dual
decomposition methods, such as dual gradient [26], proximal
decomposition [27] and alternating minimization [28], [29].
Such dual decomposition methods have also been consider in
many distributed MPC implementations, compare [27], [28],
[30], [31]. The alternating direction method of multipliers
(ADMM) [29] is a particular dual optimization method, which
can often achieve reasonable results with few iterations and is
thus considered here.

A corresponding formulation of distributed MPC with
ADMM has been provided in [30] and is adopted here.
We define a shared variable z = {x(-|t),u(:|t)} and local

SIn [24] the issue of constraint satisfaction and recursive feasibility under
inexact dual minimization is considered. Within this framework, additional
model mismatch can be accounted for quite naturally, similar to [25].



variables y; = {x)y (|t),u;(:|[t)}, i € N. The local variables

contain the local input trajectory w;(-|t) and neighboring®

state trajectories 'y (-|t), as optimized by bus i. To ensure

that we recover the original solution, a consistency constraint
xi(-|t) = 2] (-|t) is used, which can be written as

ieN.

The MPC optimization problem (10) is equivalent to

Y s - X 3 1o
VE N iEN k=0
St. y; € J}i(xi(t)), Yi = E;z, i€ N7

with the local polytopic constraint set );(x;):
Vi(zi) = {yi|w; (0ft) = x5, . (k|t) € X p
| A @y, (klt) + Biui (k[t) + Gidi(k[t) + ci(t) (13)
— Enaly (k+ 1t)| S wip, wip = (N—1—k) v,
uz(k|t)el/ll, kZO,,N—l}
Here, v;, w; € R™ denote the local variables of v, wy
in (10). The local augmented Lagrangian L; , is given by
Lip(ir 2 M) = Jily) + A (vi

with a tuning parameter p > 0 and the local dual variable \;.
The distributed ADMM iteration to solve (12) is summarized
by the following algorithm:

Eiz =y, (1)

i(k[t), ui(k[t)) (1)

p
— Eiz) + §\|Eiz —yill3,

Algorithm 1 Alternating Direction Method of Multipliers

Initialization: set p > 0, set initial guess 2%, A.

1: for p = 0,... until stopping condition (14) is fulfilled do
2: P —arg min L ,(y;, 2P, Y

yl gmeyl(ﬂiz) p(y )
3: communicate yi ' to neighbors j € N;

1
4 A= > BN+ X
|N| ]EN 71

5: communicate z; ' to nelghbors. jeN;
6: >\P+1 =\ +p( pt+l1 — Bzt
7: end for

The ADMM iteration asymptotically converges to the op-
timal solution of the original optimization problem [29]. Due
to real time requirements, we stop the ADMM optimization
once the following stopping condition is satisfied

HE,LZ — yz”oo < €, €> 07 (14)

which can be checked efficiently in a distributed fashion.
The resulting inexact state and input trajectory are denoted
by u(-|t) and z.(-|t), with z;(k|t) = xi(k|t). Crucially,
without additional modifications, the application of the result-
ing (inexact) input trajectory u. does not ensure constraint
satisfaction and is thus not safe.

6Using the fact that only the neighboring phase d; is relevant for both the
dynamic coupling and the coupled state constraints, it suffices to include the
neighboring phase §; instead of the full neighboring states ;. Furthermore,
only the relative angle &;; (instead of the absolute value d;) is relevant.

D. Constraint tightening

Due to both, inexact minimization and model mismatch,
the predicted trajectories differ from the resulting system
trajectories. Thus, to ensure that the resulting system trajec-
tories satisfy the constraints we have to consider tightened
constraints for the predicted trajectories.

1) Inexact solution: Due to the inexact solution (14), the
consistency constraints (11) are not satisfied and the inexact
trajectory satisfies the following perturbed dynamic equation:

[ AN TN e (KIE) + Biui e (k[t) + ci(t)

+Gidi(k[t) — Fniang,e(k + 1) < wip + v = wi -1,
(15)

with the bounded error
S 1AL, + S 1FIL, | eRYL O (16)

JEN JEN:

Compared to the posed dynamic constraint, the early termina-
tion (14) implies an additional constraint violation of v;. The
relaxation of the dynamic constraint in (10) in combination
with the inexact optimization (14) implies the following error
in the inexact minimization

|Az(t) + Bu(t) + Gd(t) + c(t) —

This error can be represented with the hyperbox

Fzx (1t))] < wo + v.

Winexact = {UJ (S Rn‘ |w| S wo +v = N - ’U}.

2) Model mismatch: In addition to the error caused by the
inexact solution, there typically exists some model mismatch.
By that, we mean that the discrete-time prediction model
differs from the true physical system (due to nonlinearities,
discretization and unmodelled dynamics). We assume that this
error in the model can be bounded with some polytopic set
Winodel, such that the real system satisfies

Fz(t+1) = Az(t) + Bu(t) + Gd(t) + ¢(t) + Wmodel (t),

with some Winogel (t) € Winodel- For practical purposes, we can
use simulations experiments to obtain simple estimates for this
model mismatch.

3) Combined prediction error: By combining the model
mismatch wpege; With the error caused by the inexact mini-
mization Wipexact, W€ can define the true prediction error

Wprediction = Wmodel S Winexact-

The closed-loop system based on the inexact MPC input
u(t) = ue(0]t) satisfies

Fl‘(t + 1) = er(”t) + Wpredictions ~ Wrediction; € Wprediclion-

To ensure that the real system trajectory satisfies the state
constraints despite this error in the predictions, the constraints
are tightened using the k-step support function [32] . For some
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Fig. 1. Information flow: The local bus i sends the estimate of the local
state ; to a local computational unit. The computational units communicate
with neighboring buses and exchange predicted trajectories y;, z; needed for
the distributed optimization. The computation yields a local control input u;,
which is applied at bus 4.
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a € R™ and k € N, the k-step support function is defined as

o(a, k)= sup aTy(k),
wew}ﬁcdiclion
st. y(0) =0,

Fy(l+1) = Ay(l) + w(l),

The evaluation of the k-step support function amounts to
solving a distributed linear program (LP) offline. The local
tightened constraints X s/, ,, for the prediction step %

l=1,....k—1.

X = {an [Hy, jon, <hijr,i=1,...p},

are computed according to

hijg = hij — o((Hn, jWi) T k), i, tEN.

A7)

i=1,..

E. Closed-loop operation

The initialization and closed-loop operation of the MPC
scheme are summarized in the following two algorithms. The
corresponding information flow is sketched in Figure 1.

Algorithm 2 Offline distributed synthesis

1: Set up Model with step size h (Sec. 1I-A).
Design observer (Sec. II-B).
Estimate model mismatch Wiodel.
Set accuracy e, prediction horizon NN, penalty p.
Compute dynamic inaccuracy v; (16), Winexact-
Compute tightened constraints (17).

AN AN I

Algorithm 3 Online DEMPC, execute at every time step ¢

: Estimate state 2:(¢) and load d(:|t). Update c(t) (3).
: Compute candidate solution 20, \?.

1
2
3: Approximately solve Problem (10) with Alg. 1.
4: Apply control input: u;(t) = u; (0[t).

1) Dual optimization: Initialization and parameter tuning:
The number of necessary iterations in Algorithm 1 depends
strongly on the initialization \?, 2° and the penalty factor p.

A simple” initialization of z° is given by the previous optimal
solution z*(+|t), u*(-|t) shifted along the prediction horizon,
ie.

u(klt +1) = u*(k + 1]t), u(N — 1)t +1) = u(N — 1|t),
ekt +1) = a*(k+1]t), k=0,...,N —2.

The dual variables A can be similarly shifted and appended
by 0. In [33], the issue of selecting p and pre-conditioning
the optimization problem for optimal convergence rates of
ADMM are discussed. In general, the proposed method can
equally be applied with other (first-order) distributed dual
algorithms, such as fast/accelerated ADMM [34], [33] or dual
(accelerated) gradient algorithms [26], [31].

2) Theoretical properties: The following theorem sum-
marizes the closed-loop properties of the proposed inexact
DEMPC.

Theorem 3. ([24, Thm. 8, Prop. 18]) Assume that the load
d(t) and the nonlinearity c(t) are constant®. Suppose that
the unknown optimal steady-state (8) x° lies strictly in the
constraint set and that (F, A, B) is stabilizable. Then, for
any set of feasible initial conditions, there exists a sufficiently
large N and small enough prediction error YW ediciion, SUch
that the MPC problem (10) is recursively feasible for the
closed-loop system and the constraints are satisfied for all
t > 0. Furthermore, the optimal steady-state x° is practically
asymptotically stable under the closed-loop dynamics.

The theoretical guarantees depend on repeated feasibility
under inexact minimization. This property is guaranteed by
virtue of the proposed formulation in combination with the
constraint tightening (17) and the stopping condition (14).
The posed assumptions on the power network are mainly
stabilizability and strict feasibility of x°. The stability prop-
erties depend on the prediction horizon N, for which the-
oretical bounds can be computed, compare [24, Thm. 8]).
These bounds can, however, be conservative. In practice, the
prediction horizon N can be increased in the simulation
scenarios till the closed-loop system shows sufficient stability
properties. Similarly, the tolerance ¢ can be increased till
the available computational power is sufficient to satisfy the
stopping condition (14) in real-time.

Remark 4. The proposed inexact DEMPC provides bounds on
the transient economic performance [19, Sec. 4.4.2], similar
to nominal economic MPC [21, Thm. 10]. The closed-loop
performance of the proposed inexact DEMPC approaches
the infinite horizon optimal performance as the prediction
horizon N increases and the suboptimality of the distributed
optimization decreases (small €).

3) Multi-Step MPC: If the computational burden or the
communication demand of the proposed method are too large

7In principle, a good initialization is given by the candidate solution used in
the stability proof [24, Prop. 18]. The computation of this candidate solution
can however be quite complex and is not practical for the considered setup
with an unknown optimal steady-state.

8The properties are equally valid if d(¢) and c(t) are changing online, if
there exists a known bound on the change which is included in the construction
of the constraint tightening, compare [35]. Crucially, the construction of the
set Wiodel and the constraint tightening are done offline.



for real time operation with the chosen step size h, using
Multi-Step MPC can be quite advantageous. In Multi-Step
MPC the first M parts of the optimized input trajectory are
applied and the optimization problem is only solved again
after M time steps. By using Multi-Step MPC, the relaxtion
wy and the corresponding bound Wipexaet used in the MPC
formulation (10) reduce by a factor of 1/M to

N—-1-k N N
Tva Winexact = {w eR ‘ ‘UI| < M’U}.

Intuitively, the inexact minimizaion can be viewed as a po-
tential disturbance. By re-optimizing less frequently the effect
of this disturbance is smaller (compare [24, Sec. A.5]). Cor-
respondingly, the computational burden and communication
demand can be significantly reduced.

A disadvantage of using Multi-Step MPC is that the con-
troller reacts slower to load fluctuations. This issue is consider-
ably reduced if the MPC is built on top of an existing primary
frequency controller (compare Sec. II-A4). Furthermore, for
technical reasons’ it is crucial that M is not chosen too large
(e.g. M < N/2).

W ‘=

IV. SIMULATION STUDY

We show the practicality of the proposed approach by
considering various simulation scenarios with the IEEE 39
bus system, which can be seen in Figure 2. We compare
the performance of the proposed MPC with unified control
(UC) [7]. UC is a continuous time primal-dual algorithm
based on a linear network model that asymptotically stabi-
lizes the optimal steady-state (8). The considered simulation
scenarios include large load steps, random load fluctuations,
and consider economic performance, frequency regulation and
constraint satisfaction. The magnitude of the load changes are
chosen such that UC yields significant constraint violations,
while the proposed MPC solution ensures safe operation. The
large load change can be interpreted as a generator outage
and the random load fluctuations reflect standard continous
operation.

A. Simulation setup

The control parameters for UC and the simulation model are
taken from [7] with minor modifications!?. For the DEMPC,
we consider a step size of h = 0.1s and a prediction horizon of
N = 20 (equal to 2 seconds). The chosen control parameters'!
are 3 =2-1072, v = 1074, € = 1074, and p = 0.1. The
frequency constraints are wWpax = —wmin = 0.36 Hz and
Omax = —O0min = 0.4 rad. The following simulations were
obtained using the nonlinear continuous time model, while the

9The solution to a finite-horizon economic optimal control problem (such
as (9), (10)) has a turnpike property with respect to the desired mode of
operation, in the sense that the first part of the trajectory converges to the
desired steady-state and the end piece typically diverges (has a leaving arc).
Thus, as long as the first M inputs that are applied to the system do not
belong to the second part of the trajectory, the theoretical properties remain
valid.

10Ty ensure realistic simulation for the loads, a damping D equal to the
smallest generator damping is added.

"'To improve the numerical conditioning of the online optimization and

thus the convergence, d;, Pic are scaled by 102 and 1073, respectively.

DEMPC controller design uses the affine discrete time model.
A simple hyperbox bound for the model mismatch (Wiodel) 18
computed based on simulation experiments'?. In the following
figures, the power is always relative with respect to the initial
condition (previous optimal steady-state).
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Fig. 2. IEEE 39 bus system: New England from [7]. The network consists
of |G| = 10 generators, |£| = 29 loads and |E|=46 lines.

B. Economic performance and frequency regulation

We first investigate the economic performance and fre-
quency regulation in two scenarios. For this evaluation, power
constraints are not considered.

1) Large load change: We first consider a sudden load
change of Pgﬁ) = 1 pu, which should be economically
compensated by increasing the overall power generation. The
resulting frequency deviation and power generation for the
DEMPC and UC can be seen in Figure 3. As expected
based on our theoretical results, both schemes asymptotically
converge (close) to the same optimal power generation pattern.
The main difference is in the transient response.

The DEMPC achieves fast frequency synchronization, while
ensuring the hard bounds on the frequency deviation. The
constraint on § (7) ensures that the nominal frequency is re-
covered. By designing this constraint appropriately, the slower
frequency regulation can be tuned independently of the short
term frequency synchronization. This can be thought of as
the MPC analog to the integral based control action of AGC.

UC works with with a continuous time integral based
controller, leading to a smooth but slower power genera-
tion. Correspondingly, the frequency is regulated slower and
larger frequency deviations occur, which violate the frequency
constraint. A small frequency offset (2 - 1073 Hz) persists
in the UC, despite the integral based control. The reason
is that the controller model in [7] does not incorperate the
nonlinear directed power loss, which account for 2 % of the
overall power injection in this example. The proposed DEMPC
captures the nonlinearity with the affine term ¢(¢) and ensures
zero-offset due to the constraint (7).

21n principle, this bound can be analytically derived based on the con-
sidered model simplification (e.g. time discretization and linearization). Esti-
mating a bound based on simulation tests is practical and avoids unnecessary
conservatism. If the closed-loop is operated smoothly (which can be tuned
with ), then the magnitude of the model mismatch is smaller.



TABLE I
QUANTITATIVE COMPARISON - ECONOMIC PERFORMANCE AND FREQUENCY REGULATION

Scenario Method | avla] av[w?] [|w]eo
1) Large load change ucC 0.0127  0.0270  0.502
DEMPC | 0.0138 0.0138 0.336
2) Random fluctuations ucC 0.095 1.223 1.610
DEMPC | 0.328 0.019  0.256
(a) DEMPC (a) DEMPC (b) UC
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Fig. 3. Large load change: frequency w; and power generation PiM for all
generators (a) controlled by DEMPC or (b) controlled by UC.

2) Random fluctuations: Now we consider fluctuating
loads, which we describe with the following stochastic model

di(k + 1) = 0.995 - d; (k) + unif(—0.0225,0.0275), i€ N,

where unif denotes the uniform distribution. This model results
in randomly varying loads, which are bounded and have a posi-
tive trend. This kind of scenario represents standard continuous
operation and is used for the transient performance evaluation
of the controllers. Looking at the resulting trajectories in
Figure 4, we can see that both controllers operate with a
synchronized frequency. The UC has a relatively slow and
smooth power generation, while the DEMPC reacts faster
and achieves a significantly smaller frequency deviation. In
particular, the DEMPC ensures that the posed frequency limit
(Wmin) is satisfied, while the UC shows over four times
the allowed frequency deviation. Even though the load d
keeps unpredictably changing, the DEMPC has regulated the
frequency deviation close to 0 after only 10s. The frequency
recovery is due to the integral like action, which can be tuned
using (7).

3) Quantitative comparison: A quantitative comparison is
displayed in Table I. Here av[«] refers to the average economic

Fig. 4. Random load fluctuations: frequency w; and power generation PZM
for all generators (a) controlled by DEMPC or (b) controlled by UC.

cost of generating power, i.e.,

| 71
avla] = T Z Z a;i(PM (1)),

t=0 ieN
where 7' is the simulation end time. The average quadratic
frequency deviation is av[w?] and ||w||oo is the maximal
frequency deviation. In both scenarios the DEMPC reacts
faster, leading to a short-time increase in the power generation
(i.e., higher cost av[a]) and ensuring significantly faster/better
frequency regulation, while satisfying the posed constraints.

C. Constraint satisfaction

Now we study the ability of the controllers to satisfy hard
constraints on the line power flow F;;. We consider a load
change of P4 = 1 pu and assume that predictions of this
load change are available 1s before the change. We consider
a line power flow constraint of 0.25 pu in the lines (1,2);
(2,3); (2,25), which distribute the load to the network.

The resulting line power flow can be seen in Figure 5.
Due to its predictive nature!?, the DEMPC can react before
a constraint violation occurs and successfully satisfy the hard
constraint at all time during transient operation. Due to the
conservative nature of the proposed constraint tightening, the

13The predictive capability of the MPC allows us to incorporate knowledge
about future changes in the load, if available. Most other control schemes, like
UC, cannot easily take advantage of such knowledge.



closed-loop MPC always keeps a certain distance to the
constraint limit. This is inevitable to ensure hard constraint sat-
isfaction despite possible model mismatch and load changes.
If the power command P,,;C is based on a nominal MPC (9)
(instead of the proposed formulation (10)), the closed loop
will violate the line power constraints instead of keeping a
safe distance.

The UC has large constraint violations with fast and strong
oscillations in the line power flow. The posed constraint is
only satisfied asymptotically after 100s, when the system is
in stationary operation (as one might expect based on the
theoretical results [7]).
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Fig. 5. Large load change: line power flow P;; (solid) and corresponding
limit (dashed) for the lines (1, 2), (2, 3), (2,25) with (a) DEMPC or (b) UC.

In all the considered simulation scenarios we can see advan-
tages of using MPC. Most notably, the MPC achieves faster
frequency stabilization and ensures hard constraint satisfaction
(for both frequency deviation w and line power flow P;;).

Remark 5. A challenge in using MPC is the computational
demand of the online optimization. The current implementation
using Matlab quadprog on an Intel Core i7 can require up
to 65 s of computational time for each time-step. Decreasing
the online computation is part of ongoing work, based on a
combination of multi-step MPC and incorporation of existing
primary frequency controllers. Preliminary results suggest a
reduction of the computational demand by a factor of 100
(which is close to real-time), but requires further research. A
tailored real-time C' implementation (such as [36]) is expected
to reduce the computational time again by a factor of 10—100.

V. CONCLUSIONS

We have proposed an inexact DEMPC scheme to solve the
real time economic dispatch problem. In contrast to existing
solutions, the proposed controller guarantees stability, con-
straint satisfaction and economic optimality during transient
operation. These theoretical advantages have been confirmed
and solidified by the simulation scenarios, in which we achieve
fast frequency stabilization and hard constraint satisfaction, de-
spite load fluctuations. We believe that the proposed approach
offers a reliable framework to handle increasing fluctuation in
future power networks. Future work includes the development
of fast MPC schemes to control low inertia power grids.

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

(17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

REFERENCES

P. Kundur, N. J. Balu, and M. G. Lauby, Power system stability and
control. McGraw-hill New York, 1994.

A. R. Bergen, Power systems analysis. Pearson Education India, 2009.
F. Dorfler, J. W. Simpson-Porco, and F. Bullo, “Breaking the hierar-
chy: Distributed control and economic optimality in microgrids,” IEEE
Transactions on Control of Network Systems, vol. 3, pp. 241-253, 2016.
E. M. S. H. Low, “Distributed frequency-preserving optimal load con-
trol,” in Proc. 19th IFAC World Congress, 2014, pp. 5411-5418.

R. Mudumbai, S. Dasgupta, and B. B. Cho, “Distributed control for
optimal economic dispatch of a network of heterogeneous power gen-
erators,” IEEE Transactions on Power Systems, vol. 27, pp. 1750-1760,
2012.

N. Li, C. Zhao, and L. Chen, “Connecting automatic generation control
and economic dispatch from an optimization view,” IEEE Transactions
on Control of Network Systems, vol. 3, pp. 254-264, 2016.

C. Zhao, E. Mallada, S. Low, and J. Bialek, “A unified framework for
frequency control and congestion management,” in Proc. Power Systems
Computation Conference, 2016, pp. 1-7.

J. B. Rawlings and D. Q. Mayne, Model predictive control: Theory and
design. Nob Hill Pub., 2009.

A. N. Venkat, I. A. Hiskens, J. B. Rawlings, and S. J. Wright,
“Distributed MPC strategies with application to power system automatic
generation control,” IEEE transactions on control systems technology,
vol. 16, pp. 1192-1206, 2008.

A. M. Ersdal, L. Imsland, and K. Uhlen, “Model predictive load-
frequency control,” IEEE Transactions on Power Systems, vol. 31, pp.
777-185, 2016.

M. A. Miller and F. Allgower, “Economic and distributed model
predictive control: Recent developments in optimization-based control,”
SICE J. of Control, Measurement, and System Integration, vol. 10, pp.
39-52, 2017.

J. Kohler, M. A. Miiller, N. Li, and F. Allgower, “Real time economic
dispatch for power networks: A distributed economic model predictive
control approach,” in 2017 IEEE 56th Annual Conference on Decision
and Control (CDC). IEEE, 2017, pp. 6340-6345.

D. Hill, I. Hiskens, and 1. Mareels, “Stability theory of differen-
tial/algebraic models of power systems,” Sadhana, vol. 18, pp. 731-747,
1993.

W. Gao, E. Solodovnik, R. Dougal, G. Cokkinides, and A. S. Meliopou-
los, “Elimination of numerical oscillations in power system dynamic
simulation,” in Proc. Applied Power Electronics Conference and Expo-
sition (APEC), vol. 2, 2003, pp. 790-794.

E. V. Solodovnik, G. J. Cokkinides, and A. S. Meliopoulos, “On
stability of implicit numerical methods in nonlinear dynamical systems
simulation,” in Proceedings of the 30th Southeastern Symposium on
System Theory, 1998, pp. 27-31.

S. S. Guggilam, C. Zhao, E. DallAnese, Y. C. Chen, and S. V. Dhople,
“Optimizing power—frequency droop characteristics of distributed energy
resources,” IEEE Transactions on Power Systems, vol. 33, no. 3, pp.
3076-3086, 2018.

A. Muzhikyan, T. Mezher, and A. M. Farid, “Power system enterprise
control with inertial response procurement,” IEEE Transactions on
Power Systems, vol. 33, no. 4, pp. 3735-3744, 2018.

H. Chavez, R. Baldick, and S. Sharma, “Governor rate-constrained opf
for primary frequency control adequacy,” IEEE Transactions on Power
Systems, vol. 29, no. 3, pp. 1473-1480, 2014.

J. Kohler, “Distributed economic model predictive control under inex-
act minimization with application to power systems,” Master’s thesis,
University of Stuttgart, 2017.

J. B. Rawlings, D. Bonné, J. B. Jorgensen, A. N. Venkat, and S. B.
Jorgensen, “Unreachable setpoints in model predictive control,” IEEE
Transactions on Automatic Control, vol. 53, pp. 2209-2215, 2008.

L. Griine and M. Stieler, “Asymptotic stability and transient optimality
of economic MPC without terminal conditions,” J. Proc. Contr., vol. 24,
pp. 1187-1196, 2014.

L. Griine, “Economic receding horizon control without terminal con-
straints,” Automatica, vol. 49, pp. 725-734, 2013.

J. Kohler, M. A. Miiller, and F. Allgower, “Nonlinear reference tracking:
An economic model predictive control perspective,” IEEE Transactions
on Automatic Control, 2018, to appear.

——, “Inexact distributed model predictive control - recursive feasibility
under inexact dual optimization,” submitted to Automatica, 2017.

L. Chisci, J. A. Rossiter, and G. Zappa, “Systems with persistent
disturbances: predictive control with restricted constraints,” Automatica,
vol. 37, pp. 1019-1028, 2001.



[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

I. Necoara and V. Nedelcu, “On linear convergence of a distributed dual
gradient algorithm for linearly constrained separable convex problems,”
Automatica, vol. 55, pp. 209-216, 2015.

I. Necoara and J. A. Suykens, “Application of a smoothing technique to
decomposition in convex optimization,” IEEE Transactions on Automatic
Control, vol. 53, pp. 2674-2679, 2008.

Y. Pu, M. N. Zeilinger, and C. N. Jones, “Inexact fast alternating
minimization algorithm for distributed model predictive control,” in
Proc. 53rd IEEE Conf. Decision and Control (CDC), 2014, pp. 5915—
5921.

S. Boyd, N. Parikh, E. Chu, B. Peleato, and J. Eckstein, “Distributed
optimization and statistical learning via the alternating direction method
of multipliers,” Foundations and Trends®) in Machine Learning, vol. 3,
pp. 1-122, 2011.

C. Conte, T. Summers, M. N. Zeilinger, M. Morari, and C. N. Jones,
“Computational aspects of distributed optimization in model predictive
control,” in Proc. 51st IEEE Conf. Decision and Control (CDC), 2012,
pp. 6819-6824.

P. Giselsson, M. D. Doan, T. Keviczky, B. De Schutter, and A. Rantzer,
“Accelerated gradient methods and dual decomposition in distributed
model predictive control,” Automatica, vol. 49, pp. 829-833, 2013.

C. Conte, M. N. Zeilinger, M. Morari, and C. N. Jones, “Robust dis-
tributed model predictive control of linear systems,” in Proc. European
Control Conf. (ECC), 2013, pp. 2764-2769.

E. Ghadimi, A. Teixeira, I. Shames, and M. Johansson, “Optimal
parameter selection for the alternating direction method of multipliers
(admm): quadratic problems,” IEEE Transactions on Automatic Control,
vol. 60, pp. 644-658, 2015.

T. Goldstein, B. O’Donoghue, S. Setzer, and R. Baraniuk, “Fast alternat-
ing direction optimization methods,” SIAM Journal on Imaging Sciences,
vol. 7, no. 3, pp. 1588-1623, 2014.

P. R. Baldivieso-Monasterios and P. A. Trodden, “Model predictive
control of linear systems with preview information: feasibility, stability
and inherent robustness,” arXiv preprint arXiv:1807.11288, 2018.

B. Houska, H. J. Ferreau, and M. Diehl, “An auto-generated real-
time iteration algorithm for nonlinear mpc in the microsecond range,”
Automatica, vol. 47, no. 10, pp. 2279-2285, 2011.



