Saturation-aware robust optimal operation control of microgrids based
on minimum-regret optimization

Ujjwal Pratap’, Steffen Hofmann? and Christian A. Hans!

Abstract— This paper studies robust optimal operation con-
trol problems for microgrids with a high share of renewable
energy sources. The main goal is to ensure an optimal operation
in the presence of a wide range of scenarios of uncertain infeed
of renewable sources and uncertain load demand. We formally
state a minimum-regret robust model predictive control (MPC)
problem and address it by making effective use of a hierarchical
microgrid control structure. In detail, we consider an enhanced
primary control layer composed of droop control and an
autonomous limitation of power and energy. We prove that
this enables us to use constant power setpoints to achieve
an optimal operation under certain conditions. To obtain a
tractable controller, we then combine the abovementioned con-
stant saturation-aware setpoints with an energy management
system, which solves a robust unit commitment problem within
a model predictive control framework. In a case study, we finally
demonstrate the viability of the control design.

Index Terms— Operation control, energy management sys-
tem, hierarchical control, microgrids.

I. INTRODUCTION

Energy production is shifting from conventional generators
to inverter-interfaced renewable energy sources (RES) world-
wide. Many RES work in grid-following mode and inject the
available power into the grid. This can lead to situations
where there is insufficient capacity of units that perform
frequency and voltage regulation to compensate power im-
balance [1]. This is especially true for microgrids (MGs)
with high share of RES [2]. It has been proposed by [3] to
use RES that are interfaced using grid-forming inverters or
inverters with advanced control schemes. However, unlike
conventional sources, RES such as photovoltaic (PV) plants
and wind turbines are intermittent and subject to uncertain-
ties. In order to participate in frequency regulation and power
sharing, a unit has to be able to vary its power output and
thus has to be operated sufficiently far from its weather-
dependent physically available power [2]. In this paper, we
assume at least one grid-forming unit is present. Moreover,
we rely on units with frequency control capabilities that
restrict their output power according to physical limitations.
Implementation of this behavior on the inverter level and
related issues such as stability have been widely studied,
e.g. [4]-[6] and in the review paper [7].

To ensure feasible control actions and reduce operating
costs in an MG, the energy management system (EMS) com-
putes and provides power setpoints to the units. EMS design
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for microgrids has been studied extensively in the literature.
This includes hierarchical control as well as EMS design for
scheduling and dispatch under uncertainty [8], both of which
are also the main focus of this paper. In this context, MPC
is among the popular approaches. It is a receding-horizon
optimization technique that uses forecasts and can enforce
unit constraints [9], [10]. Most EMS approaches for MGs [8],
[9], [11] do not explicitly consider droop control in the lower
control layers or the limiting behavior of units, which can
lead to a mismatch between predicted and actual behavior in
presence of disturbances and uncertain conditions.

The authors in [12] show how saturating droop-control can
increase overall performance in conjunction with a min-max
MPC-based EMS. In particular, saturating droop increases
the set of feasible controls, which in turn can result in lower
closed-loop costs. However, a major drawback of min-max
MPC is that only worst-case performance is optimized. This
can lead to wasted potential as the actual realizations of
uncertain available renewable power and load demand are
typically not close to the worst-case. This motivates the
present paper which aims to achieve near-optimal perfor-
mance under all disturbance-scenarios and at the same time
simplify the optimization problem.

In what follows, we extend the approach in [12]. In detail,
we look beyond worst-case scenarios of renewable genera-
tion and load demand, while considering droop-controlled
units and autonomous power and energy limiting features.
Unlike [12], which optimizes only the worst-case cost, we
formulate a regret-based robust MPC problem which consid-
ers all possible disturbance scenarios. For this problem, we
provide a simplified, not necessarily optimal, solution based
on constant setpoints and a unit commitment problem.

The remainder of the paper is organized as follows.
Section II recalls the saturation-aware microgrid model.
Section III formulates the minimum-regret robust operation
problem for uncertain renewable generation and load de-
mand. Section IV presents the proposed solution approach,
first deriving constant saturation-based control setpoints un-
der suitable assumptions and then combining it with a robust
unit-commitment problem. Finally, Section V evaluates the
proposed controller in a case study and compares it with a
benchmark and the controller from [12].

II. SATURATION-AWARE MICROGRID MODEL

In this section, we describe the saturation-aware islanded
MG model based on [12]. It includes renewable power
sharing and considers saturation at the physical limits of the
units. The model incorporates three types of units, which are



conventional units, e.g., thermal generators, storage units,
RES, e.g., wind farms and PV power plants, as well as
loads. The model, which will be employed in the EMS
design later on, describes the power output of each unit and
accounts for power sharing and saturations at unit bounds.
In addition, uncertain renewable generation and load demand
are considered since unit power outputs may differ from the
power setpoints provided by the EMS.

In what follows, we assume that the primary control
ensures a stable operation of the MG and that there is no
secondary control. Moreover, storage losses are assumed to
be negligible. Finally, at the EMS time scale, switching times
of the conventional units are assumed to be negligible.

A. Preliminaries

R, R<p and R>g, denote the sets of real numbers, non-
positive real numbers, and non-negative real numbers, re-
spectively. Moreover, N denotes the set of positive integers.
min(z, y) and max(z, y) for the vectors x and y provides the
element-wise minimum and maximum respectively. Given
matrices A € R"*™ and B € R™"*"™, then A < B is true if
and only if it is true for all elements at matching positions.
1 is a vector of all ones and O a vector of all zeros, both
of appropriate size. diag(x) is a diagonal matrix, with the
elements of the vector  on its diagonal.

Consider a variable z € R, with zyin < 2 < Zpax. Then
a saturation of z is defined as

Zmin if z < Zmin
sat(Zmin; 2, Zmax) = { 2, if Zmin < 2 < Zmax, (1)
Zmax, If 2 > Zmax.

Similarly, for zmin, 2, Zmax € R", the saturation operator
sat(., .,.) is defined element-wise.

B. Model

In islanded MGs, generation and consumption must be
balanced at every time instant k£ € N, i.e.,

1Tp(k) + 1 pg(k) + 1Tpe(k) + 1Twe(k) =0, ()

where p(k) € RY,, pi(k) € R™, p(k) € RZ, denote
the power outputs of conventional units, storage units and
RES, respectively, and wq(k) € RZ{ is the load with
ng, Ns, Ny, Ng € N being the corresponding numbers of units.

Since load and renewable generation are uncertain, grid-
forming units must adjust their power outputs so that (2) is
satisfied. This can be done using droop control. Since the
EMS acts on a much larger time scale, a steady-state model
for droop control is sufficient [13]. This model describes
steady-state power sharing through the frequency-deviation
variable p(k) := w™™ — w(k) € R, where w*™ and w(k)
denote the nominal and steady-state frequencies, respectively,
and the x; inverse droop gains. In addition, physical power
and energy limits are enforced through saturation in units.
Let us now describe the saturation-based droop control model
for different unit types based on [12] using the notations
u, (k) € R™ and yx, € R™ for the power setpoint and

nom
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Fig. 1: Saturation-aware droop controlled RES unit ¢ with
power setpoint u,; and available infeed wy ;.

inverse droop gain, of unit type v € {t,s,r} corresponding
to conventional, storage, and renewable units.

Conventional units, which usually serve as backup sources,
may be switched on or off. Let us denote this switching
behavior with the vector (k) € {0,1}™, where 6 ;(k) = 0,
indicates that conventional unit i € {1,...,n} is off, and
d,;(k) = 1, indicates that it is on. Thus, the saturated power
output of the conventional unit is given by

pi(k) = diag(di(k)) sat(p™, we(k) + xe p(k), p™).  (3)
Here, plin, pmax ¢ RY, are the conventional unit power
limits and hence p™™ < p;(k) < p™™* is enforced through
saturation for enabled units.

Storage units play a crucial role in dealing with the inter-
mittency of renewable generation. Often, they are operated
as grid-forming units. Let Ty € Rs( be the sampling time,
and z(k) € RY, be the stored energy level. Then, we have
the storage dynamics,

x(k) = x(k —1) — T ps(k), (4a)
and the storage energy limits
g™ < z(k) < 2™, (4b)

with z™" € RY, and 2™ € RY,.

Storage operation is constrained by power and energy
limits. To account for the energy limits, we define dynami-
cally adjusted power limits based on the current energy and

sampling time [12], i.e.,

P (k) = max (p™, (z(k — 1) — 2™)/T) ,

—max : max min (40)
Ds (k) = min (ps ) (l‘(k’ - 1) -z )/TS) ’
where p;“i“, pe™ € R™ are the storage power limits.
Taking (4c) into account, the storage power is
ps(k) = sat(BP™ (k), us (k) + xs p(K), DY (k). (4d)

We also assume that the RES have droop control. Still,
their output power is limited by the available power under
weather conditions w;(k) € R, and additionally at zero,
ie., -

pr(k) = sat(0, uc(k) + xr p(k), wi(k)). (5

This is visualized in Figure 1. Note that w,(k) < p"*(k).



III. ROBUST MINIMUM-REGRET CONTROL PROBLEM

We now formulate a multi-scenario MPC problem that
explicitly considers a range of possible scenarios from worst-
case to best-case, and integrates droop control and as well as
physical limitations at all units through saturation. Our goal
is to remain feasible for a range of admissible renewable and
load realizations, and at the same time find feasible control
actions whose cost is close to scenario-wise minima for all
individual scenarios.

A. Uncertainty model

Uncertainty is modeled in renewable generation and loads
by lower and upper bounds. At each future time step k, a
forecaster is assumed to provide these bounds such that

] <[] < )

wpin (k)| < (k)] < | ()
—
wmin () w(k) wmax (k)

where w™n(k), wma*(k) € R™ and w"(k), wia*(k) €
R™ are the aforementioned upper and lower bounds of

renewable generation and loads, respectively.

B. Operating cost

We consider an economically motivated operating cost
associated with conventional and storage units, assuming
zero operating cost for RES. Conventional units’ cost in-
cludes fuel cost with weight C; € RY, fixed genera-
tion cost with weight C,, € RY, and switching cost
with weight Cy, € R’Z“O. Storage system cost has weight
Cs € RY,. Let us denote the power outputs and set-
points by p(k) = [p(k)T ps(k)T p:(k)T]T and, u(k) =
[ue(E)T us(k)T u(k)T]T, respectively. The total operation
cost is

U(p(k),0c(k), 0u(k — 1)) = O;rpt(k) + C(-)El &i(k)+
Oy [8c(k) = 0k = 1)| + C ps(k). (D)

Note that C; ;ps (k) is negative when charging, i.e., when
ps,i(k) < 0. This promotes storing available RES power that
cannot be consumed immediately by the load.

C. Multi-scenario minimum-regret operation

Let IV, € N be the prediction horizon of the MPC. At time
instant k, the predicted power at future time step 7 € N, is
denoted by p(k + 7]k). From now, we follow the convention
that if a vector z € R™=, then z = [2(k+1) --- z(k+N,)] €
R"-*Np_We define the operating cost as:

NP
J(p, 80, 61(k)) := > _L(p(k +7),6(k +7),6(k + 7 — 1)).

=1

®)
This can be alternatively written as J(u,dy, d(k),w) to
highlight the dependence on the control input u and the
uncertain input w. In the context of MPC, the question arises
as to whether there is a control trajectory that is not only
feasible in every scenario (i.e., satisfies the model equations
and constraints) but is also optimal in every scenario.

With the notation defined above, this can be expressed
mathematically as the following robust MPC problem.
Problem 1 (Multi-scenario minimum-regret robust MPC):

min max (J(u, &, 6(k), w)—min J(u’, 8, 6, (k), w)) (9a)
(J( (k), w)—min J(u’, 6,

u,d W u’,§/

subject to (2)~(5) for u,d, and for u’, J;.

6t c {0’ l}ntXNp; umin S u S umax,

(9b)

where w € [w™" w™] and k is substituted by k + 7,V7 €
{1,---, N,}, with initial conditions z(k) = z° and &, (k) =
d¢,0. Here u™in < yMaxX gre the control setpoint limits.

Problem 1 aims to minimize the cost across all
possible values of the wuncertainty variable w. First
miny 5 J(u, 8;,6(k),w), subject to the constraints of
Problem 1 gives the best possible cost for this specific sce-
nario w. For each scenario, this gives us control trajectories
(u*, 8;*) which specifically minimize the cost for that sce-
nario. We refer to this cost as scenario-specific optimal cost.
In the second step, we search for one common control trajec-
tory (u, d;) which is an optimal solution to Problem 1. Let
us consider a candidate (u, d;), and for each scenario, study
the difference between the resulting cost J(u, ¢, d¢(k), w)
and the previously calculated scenario-specific optimal cost.
This difference is referred to as the regret, which tells us
how much worse (u, §,) performs compared to (u’*, 8,*) for
the same scenario w. In Problem 1, we want to minimize
the maximum of the difference between these two costs,
i.e. the maximum regret. In particular, max,, chooses the
disturbance that makes the regret worse and min,, s, aims to
find the control trajectory (u*, 8;) that minimizes the worst-
case regret. Clearly, if there exists a control (u*,d;) which
can optimize all scenarios simultaneously, then the optimal
cost in (9a) is zero. Problem 1 can be challenging as it
combines robust feasibility, binary variables, saturation, and
an inner scenario-wise optimization. Therefore, in the next
section, we develop an alternative tractable operation control
approach based on a rule-based determination of constant
power setpoints u and a unit-commitment problem-based
determination of &;.

IV. SOLUTION APPROACH

In this section, we describe a tractable solution approach.
First, we propose a simple rule-based controller under the
assumption that all conventional units are always switched
on. The resulting constant setpoints are subsequently used in
a robust MPC-based EMS which removes this assumption
using a unit-commitment approach to decide which conven-
tional unit is enabled or disabled.

A. Constant setpoint design with saturating droop control

In what follows, we design a simple controller with
constant setpoints. The design uses the saturation-based
feasibility property discussed in [12] which states that if
power and energy saturation is enabled, the constraints (2)—
(5) are feasible if at any time, the power saturation limits
allow that a power balance between generation and demand



can be achieved for a given disturbance. Furthermore, [12]
shows that if constraints (2)—(5) are satisfied for w™" and
wm then they also hold for all w € [w™n w™] Let
us first assume that all thermal generators are switched on
(6t = 1), and that the load demand can be fully covered by
the conventional units, i.e.,

17prn < —1Tw, (k) < 17 pe, (10)

Under these assumptions, any given power setpoint tra-
jectory u(k) € [u™® u™?] is feasible, i.e., u™™ and u™a*
can be chosen arbitrarily with u™» < u™* because the
feasibility depends on the saturation limits rather than on the
setpoint values, and the always-on conventional units alone
can provide sufficient power to meet the load demand.

In what follows, we assume that

1) CS S [O,Ct];

2) the storage units can always be charged and discharged

synchronously in accordance with their energy limits.
In particular, let X, p™", pm&, z™n 7 79 be the
parameters and initial stored energy of a prototype
storage unit. The parameters and initial stored energy
of each actual storage unit i € {1,...,n,} are obtained
by scaling the parameters and initial stored energy of
the prototype unit with a factor oy, i.e.,

—min max —max

_ = min __ . .
XSﬂi — Ule? ps7i - alps b ps7i - alps 9
max min __ —max —min
Tsi —Lgy = o (T =T,
0 min __ —0 —min
x; — " = oy(T’ —T™).

Then, the desired synchronized charging and discharg-
ing can be achieved when storage power setpoints are
zero, i.e., ug = 0.
In addition, for simplicity, in what follows, we assume that
all thermal units have the same cost factors C, Cy,, and all
storage units have the same storage cost factor Cs.

We now determine a set of constant power setpoints u €
[umin u™maX] with the aim of minimizing the cost function
(8). This can be achieved by a rule-based controller, which
is realized by appropriately selecting the limits and setpoints
within the saturating droop-control laws. In the end, we want
to achieve the following behavior:

1) use renewables (if available) and charge the battery (if
not full),

2) use renewables (if available) and discharge the battery
(@if not empty),

3) use renewables (if available) and discharge the battery
(if not empty) and use thermal generators.

The saturating frequency-droop-curves for units are illus-
trated in Figure 2. For large —p > 0, all units are in lower
saturation. For low —p < 0, units are in upper saturation.
For the above-mentioned prioritization to be realized by
saturating droop curves, it is essential that the linear droop
regions where dp, /dp # 0, of the unit types v € {t,;s,r} are
non-overlapping. This must be satisfied for all admissible
saturation limits, and possible available renewable infeed
since the upper saturation limit of a renewable unit depends
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—— PV plant =s=s= Sum of all units
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Fig. 2: Illustration of the rule-based configuration of the
saturating droop functions.

on its available power, while the saturation limits of a storage
unit depend on its state of charge (SOC).

Proposition 1: Provided that ©™" is sufficiently low and
u™ is sufficiently high, possibly even outside of [p™", p™],
and all units are enabled, appropriate power setpoints u* can
be calculated according to

ul =" = G wf = Pt = M, ug =0, (1)
where pMt = minie[l,ns]cN(p?gn/Xs,i) and p™* =
maXe(1,n,]cn (DI / Xs,i)-

Proof: Let
Np ny

e(j = Np) =T > > puilk+1),  vef{tr,
1=j i=1

denote the total infeed energy of unit type v from k + j
to k + N,. Since § = 1 is fixed, the on-cost due to Cqy,
is constant over the horizon and the switching cost Cg, is
zero. Furthermore, since all conventional and storage units
have common cost factors C; and Cs, respectively, the cost
reads

N,
C p
J= %61(1 — Np) + Cs > 1"py(k + 7) + NyConny.
S
=1

By summing the storage dynamics over the prediction hori-
zon, we obtain Ty Y %, 1Tpy(k+7) = 1Tx(k) — 1Tx(k +
N,). Therefore,
C Cs
J= %e[(l = Np) + o (1"2(k) — 172 (k + N,))

S

+ Npconnt.

After removing the constant terms, let us shift the cost (8)
by a fixed part depending on initial stored energy and fixed
on cost, i.e.,

. C,
J=J - ?1Tx(k) — NpConmiy
c Coom (12)
S
Consider the last time segment (N, —1 — N,), and
the associated cost J(N, — 1 — N,) = %(e[(Np -



1= N,)— %ilTx(k: + N,)). The setpoints (11) make the
non-saturated regions of the saturating droop curves non-
overlapping. Indeed, we have that

pe=sat(p™, p™ + xi(p — P™), p™) .

Hence, for p < p"**, the conventional units remain in lower
saturation, i.e., p; = p{™". Similarly,

DPr = Sat(o, P+ xe(p — p;nin), wr) .

So, the renewable units are at w; for p > p™i, Together with
us = 0, this results in the desired prioritization: renewable
generation is used first, storage power is used next, and
thermal generation only when required. Thus, for any fixed
w(k + N, — 1) and z(k + N, — 1), (11) leads to minimal
costs for time step N, — 1 — N,

In order to continue the proof by induction we need to
know the effect that the control at time segment NV, —
2 — N, — 1 has on the cost of the last time segment
Np—1 — N,. This impact is incurred due to how the control
of segment N, —2 — N, — 1 changes the stored energy
x(k + N, — 1) at the beginning of the last time segment.
Since the optimal setpoints for the final time segment are
given by (11) independently of z(k + N, — 1), it remains to
study how a variation of this state affects the cost achieved
under these setpoints.

Consider two states componentwise satisfying

e (k+ N, —1) > 2Pk + N, —1).

For the same disturbance and the same control (11), the
monotonicity properties of the saturation-aware droop con-
trol derived in [12] imply that

p1(/2)(k +Np,—1) < pf,l)(k + N, — 1),
for v € {t,r}, and
2@ (k+ Np) > zW(k + Np).
Consequently, for v € {t,r}, we have
e (N, -1 N,)<eV(N, -1 N,).

In particular, the larger stored energy at the beginning of
the final segment cannot entail an increased optimal final-

segment cost, and therefore
J?*(N, =1 = N,) < JY*(N, =1 = N,).  (13)

Next, we also want to derive an upper bound of the cost
reduction. For compactness, let us write for v € {tr}

e = e (N, — 1 N,), icf{l,2}.

Since both cases are evaluated for the same disturbance
realization, the load demand over the final time segment is
identical. For each i € {1,2}, the energy balance over the
final time segment is

e 4 e® 4 TATpD (k + N,) + Ty 17wq(k + N,) = 0.
Using the storage dynamics,

T 17D (k+N,) = 172D (k+ N, —1) =172 (k + N),

the energy balance for each case becomes
e 4+ eM41Te® (k4 N, — 1)
— 1729k + N,) + +T 1Twy(k + N,) = 0.

Subtracting the balance equation for case 2 from case 1,
yields

61(1) B et(z) e —e®
+172Ok+ N, - 1) —1T2@ Rk + N, — 1)
_ (1Tx(1)(k +N,) - 1T2® (k + Np)) =0. (14)
Hence, from (12) and (14),

L (JWH(N, =1 = Np) = JI*(N, — 1 = Np)) =
1723k + N, —1) —1T2W(k + N, — 1)
— (1= &) (AT (k + N,) - 172D (k + N,))

— (e — ). (15)

Since
el —e? >0,
172@(k + N,) =172 (k + N,) > 0,
and C,; < (Y, it follows from (13) and (15) that
0<JDY(N, —1 = N,) = JD*(N, =1 = N,)
< S (T2 (k+ N, — 1) —172W(k 4+ N, — 1)).
(16)

Thus, if the total stored energy at the beginning of the final
segment is increased by

Az :=1Te@ K+ N, - 1) =172V (k + N, — 1),

then the corresponding reduction of the optimal remaining
cost is at most (Cy/Ts)Ax.

Now consider the preceding segment N, —2 — N, — 1.
Any control different from (11) can affect the final-segment
cost only through the stored energy at k4 N, — 1. If such a
control increases the stored energy by Ax, then by (16), the
decrease in the final-segment cost is at most (C;/Ts)Ax.
Due to prioritization in (11), we already utilize available
renewable infeed as much as possible. Therefore, by power
balance, it would require an increased generation of Az in
conventional infeed over the preceding segment, with a cost
increase of at least (Cy/Ts)Az. Therefore, a deviation that
increases the stored energy at k + N, — 1 cannot reduce
the total cost. Thus, (11) is optimal for N, — 2 — N,
Repeating the argument backward proves the claim over the
entire prediction horizon by induction. [ ]

B. Extension by robust EMS with unit commitment

For calculating optimal constant power setpoints ©* in the
previous section, it was assumed that the thermal generators
are always on. The EMS problem defined next is not a
direct solution to Problem 1, but rather a tractable restricted
formulation in which the continuous setpoints are fixed to
the saturation-based values from Proposition 1 and the switch
state of the generators are optimized using unit-commitment.
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Fig. 3: Load demand profiles w§ for selected scenarios on
day 1.

The aim is to enable thermal generators only as long as
necessary to robustly satisfy the constraints and minimize
the worst-case cost maxy, J(u*, i, d(k), w). The associated
unit commitment problem can be stated as follows.

Problem 2 (Robust unit-commitment EMS):

min max J(u*,d, 0(k), w),

t

a7

subject to (2)—(5) and constant setpoints (11) with initial
conditions z(k) = 2%, 4&,(k) = d¢0.

Note that in contrast to Problem 1, the continuous power
setpoints are fixed in Problem 2, and only the switching of
the conventional units is optimized. Although Proposition 1
establishes the optimality of these setpoints when all conven-
tional units remain switched on, this optimality is not directly
claimed here for Problem 2, where conventional units may
be enabled or disabled. Problem 2 therefore constitutes a
related tractable robust unit-commitment formulation rather
than a direct solution of the minimum-regret Problem 1.

V. CASE STUDY

We evaluate the performance of Problem 2, on an islanded
MG. Therefore, we compare it with a prescient controller and
the saturation-aware robust MPC from [12].

A. Simulation setup

We consider an islanded microgrid comprising a conven-
tional generator, a storage unit, a PV plant, a wind turbine
and a load. The unit parameters, cost coefficients, and initial
conditions are listed in Table I. We choose Cy < C; to

TABLE I: Unit parameters, cost coefficients, and initial
conditions for the case study.

Parameter ~ Value Parameter ~ Value
pmin 0.2pu Ct 1

pin —1lpu Con 0.2
p{nax 1pu Cisw 0.3
pex 1pu Cs 0.9
Lmin 0 pu h 5[,0 0

Tmax 6puh 20 2puh
U; [-5,5]pu X 1

penalize charging from conventional generation.
The sampling time is 15min, N, = 32, and the closed-
loop simulation length is Ny = 672, corresponding to

I I
300 Prescient c;ontrollef B
Robust unit commitment EMS
Sat.-aware robust MPC [12]
200 -
2
S
@)
100 |+
0l
1 1 1 1
0 0.2 0.4 0.6 0.8 1

[0}

Fig. 4: Comparison of the closed-loop cost calculated over
one week, for different controllers and disturbance scenarios.

7 days. Simulations use Matlab® 2022b, YALMIP [14], and
Gurobi 11.0.0 [15].

B. Prescient controller

A prescient MPC controller which is based on Problem 1
is used as a benchmark. It is assumed to know the realized
available renewable power and the demand trajectory over
the prediction horizon, denoted by wactal - Therefore, the
uncertainty set in (6) is substituted by w™" = w"* =
wal - effectively reducing the multi-scenario MPC in (9a)
to a single-scenario problem.

C. Closed-loop simulations

We compare the performance of different controllers over
different disturbance scenarios. Since wy < 0, the worst-case
scenario w™" corresponds to minimum available renewable
power and maximum absolute value of power consump-
tion, whereas the best-case scenario w™®* corresponds to
maximum renewable available power and minimum absolute
value power consumption. We create 11 scenarios using
linear interpolation between the worst-case and the best-case
scenarios via

w*(k) = w™ (k) + (W™ (k) — w™™(k)), Vk (18)

where « € {0,0.1,...,1}. Hence, « = 0, and o = 1
correspond to the worst-case and best-case scenarios, respec-
tively. As an example, Figure 3 shows different load-demand
scenarios wg. The total cost over the entire simulation
horizon of Ny = 672 samples is computed from the stage
cost (7) as

Jclosed-loop . _ kN:SI L(p(k),6(k), 0i(k — 1)), (19)

with the model parameters listed in Table 1.

Figure 4 depicts the total closed-loop cost associated with
the considered controllers, for each scenario defined in (18).
The proposed robust unit-commitment EMS in Problem 2,
achieves a cost close to that of the prescient controller
for all scenarios. Moreover, it achieves a lower closed-loop
cost than the saturation-aware minimax MPC [12], for non-
worst-case scenarios. This improvement is consistent with
the use of the priority-based constant power setpoints, whose
optimality is established under the always-on assumption



of Proposition 1, together with the robust switching of the
conventional generator in Problem 2. Under less adverse
disturbance scenarios, these priority-based constant setpoints
exploit the additional available renewable power and lower
demand through saturation-based power sharing.

The observed slight performance gap could be attributed to
the restriction to fixed priority-based constant setpoints in the
presence of switching of conventional units. When fixed on
cost and switching cost are relevant, it may be beneficial to
operate the conventional more intensively over shorter on-
periods, store the generated energy, and use it later. Such
behavior cannot generally be represented by fixed setpoints
of Proposition 1, whose optimality is established under
the always-on assumption. However, overall the approach
performs well with a cost very close to that of the prescient
MPC.

VI. CONCLUSION

In this paper, we presented a novel hierarchical control
strategy for islanded microgrids. On the primary control
layer, droop control of conventional, storage and renewable
units is considered, which also includes autonomous power
and energy limiting. We have shown that appropriately
chosen constant power setpoints can lead to an optimal
control when assuming always-on conventional generator.
This property is then used in a robust MPC-based energy
management system that decides which conventional units
are enabled or disabled to minimize operating cost under
a wide range of scenarios of uncertain inputs. In a case
study, we demonstrated that the proposed strategy achieves
in almost all cases achieves lower costs than existing robust
energy management schemes. Given the simplicity of our
approach, we suggest that it can be especially well suited
for small-scale microgrids. Future work will focus on larger
microgrids and broader uncertainty sets.
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